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I 
 




O fogo em vegetação tem um importante impacto na emissão e libertação de gases com efeito 
de estufa para atmosfera, alterando o forçamento radiativo e afetando a qualidade ambiental e 
o clima à escala local, regional e global. O reconhecimento do fogo como uma variável 
crucial na caracterização do clima terrestre e sua influência no funcionamento dos 
ecossistemas, levou à sua designação como uma variável essencial na definição e 
caracterização do clima terrestre ("Essential Climate Variable",(ECV)). O tema central desta 
tese foi o desenvolvimento de uma nova classificação de regimes de fogo à escala global, 
usando Análise de Correspondência Múltipla (ACM) e uma clusterização hierárquica, usando 
dados de fogos ativos do sensor MODIS (Moderate Resolution Imaging Spectroradiometer). 
Esse trabalho, foi precedido por um procedimento de filtragem dos dados, com o intuito de 
obter um conjunto de dados livre de erros, e que eliminassem fogos gerados por um processo 
de combustão mas que não constituissem fogos de vegetação. Seguiu-se uma análise espacial 
dos dados obtidos, que levou ao desenvolvimento de um algoritmo inovador de identificação 
de clusters de fogos ativos e de uma análise global da desigualdade das distribuições dos 
tamanhos dos fogos. Complementando este objetivo principal, outros estudos à escala 
continental e global foram desenvolvidos e são apresentados no âmbito desta tese. Estes 
estudos lidam i) com o desfazamento temporal entre o período onde as condições 
meteorológicas são propícias à ocorrência do fogo e o pico da época de fogos, indo desta 
forma aferir a influência da atividade humana na queima da biomassa, ii) com a variabilidade 
espacial dos parâmetros extraídos da relação entre a densidade populacional e área queimada 
e iii) com a influência de práticas religiosas na modelação dos ciclos semanais da queima de 
vegetação ocorridas em Africa. Esperamos que os resultados provenientes dos diversos 
estudos efetuados nesta tese sejam uma contribuição útil para o estudo global da geografia do 
fogo-pirogeografia. 
 








Vegetation burning has an important impact on the global atmosphere and vegetated land 
surface. Deforestation fires, peatland fires, and ecosystems with shortening fire return interval 
contribute substantially to the build-up of atmospheric greenhouse gases affecting 
environmental quality and the climate system at local and regional scales. Recognition of the 
role of fire in the Earth system led to its designation as an Essential Climate Variable (ECV), 
a physical, chemical, or biological variable that has a crucial contribution towards 
characterization of Earth’s climate. The central task of this thesis was the development of a 
new global classification and map of fire regimes, using multiple correspondence analysis and 
hierarchical clustering, and relying on active fire data from the Moderate Resolution Imaging 
Spectroradiometer (MODIS) MCD14ML product. That work was preceded by study 
dedicated to a thorough screening and exploratory spatial analysis of the dataset, and led to 
the development of an improved algorithm for identifying individual active fire clusters, and 
to global analysis of size inequality in their statistical distributions. In addition to this core 
research, other continental-global pyrogeography studies were developed, and are presented, 
dealing with: the time lag between the timing of optimal fire weather conditions and peak fire 
season dates as a diagnostic of anthropogenic vegetation burning; the spatial non-stationarity 
in the parameters of the relationship between population density and area burned; and the 
modulation of weekly cycles of vegetation burning in African croplands by regionally 
dominant religious affiliation. We hope that this set of studies may constitute a useful 
contribution to the burgeoning topic of global pyrogeography 
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CHAPTER 1 
 
Research goal and objectives 
 
 The overarching research goal of this thesis is to develop a new global classification 
map of fire regimes, and contribute towards understanding biophysical and social processes 
underlying those regimes. This goal is pursued through the characterization of spatial and 
temporal distributions of global fire activity, using fire data derived from MODIS instruments 
on board NASA’s Terra and Aqua satellites. Creating a global map of pyrogeographic units 
defined by patterns of coherent relations between key fire regime descriptors, with sufficient 
thematic resolution to accurately reflect the complex distribution of the Earth’s current fire 
regimes is useful for characterizing major pyrogeographical patterns, monitoring changes in 
disturbance regimes through time, identifying knowledge gaps, and learning how climate, 
topography, vegetation, and land use influence fire regimes (Morgan et al., 2001). Such a map 
may help to focus strategic action concerning global scale fire issues, including those under 
the scope of the United Nations Framework Convention on Climate Change, Convention to 
Combat Desertification, and Convention on Biological Diversity. 
 To achieve its aims, this thesis was divided into two separate parts. The first part 
focused on building a screened global active fire derived from the MODIS Collection 5 global 
MCD14ML active fire product (Justice et al., 2002) for the period between 2001 to 2012 
based on the work initially developed in Mota et al., (2006). This active fire dataset was the 
support for all the following analysis performed under this thesis. The second part, global and 
continental analysis were performed towards improving the understanding of global 
distribution pattern of wildfire and contributing to enhance the knowledge of the role of key 
environmental drivers to fire occurrence.  
 
Characterizing global pyrogeography will unfold some underlying questions such as: 
i. Can satellite data be used to quantify global pyrogeography? 
ii. What are the most relevant set of fire descriptors that could explained the global 
distribution of fire regimes? 
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iii. How humans can be determinant in the relation with fires? 
 Due the requirements defined in each step, research within this thesis was organized in 
main research objectives that were followed by collaborative research analysis to complement 
and enhance the overall goal of this thesis. Chronologically they reflect the progressive 
orientation of new findings and new hypothesis achieved throughout the investigation, not 
necessarily the chronological order of paper submission. The state of art and the data available 
and used were constrained at the time this thesis was undertaken.  
Main research 
a) To assess and improve the quality the MODIS active fire product (MCD14ML), 
screening the data for false alarms and non-vegetation fires. 
b) To understand the structure of the data, namely its autocorrelation patterns and 
outliers, through an exploratory spatial data analysis. 
c) To develop a new global classification and map of sensu strictu fire regimes. 
d) To improve the methodology for individualization of fire events using MODIS active 




 Additional research was developed for the present thesis, in co-authorship, on topics 
closely related to those of the main research: Global analysis of time lags between peak fire 
weather and peak fire season; global analysis of spatial heterogeneity of the relationship 
between population density and area burned; and demonstration of the role of religious 




 This thesis is organized in three chapters. Chapter 1 includes the Introduction, with 
focus on the importance of fire as a global ecological disturbance, and on the need for 
reliable, comprehensive and long global fire data record. and the concept of fire regime is 
presented, in the context of the studies performed within the thesis. Chapter 2 includes six 
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original contributions, published or submitted to peer-reviewed scientific journals, three as a 
first author and other three as a second. Chapter 3 includes final conclusions and references. 
Context  
 
Global fire activity - the "need" for data 
  
 As a global ecological factor, affecting atmospheric and terrestrial systems over 
multiple temporal and spatial scales (Bowman et al., 2009; Moritz et al., 2012), fire 
disturbance has been recognized as one of the Essential Climate Variables (ECV) defined by 
the Global Climate Observing System (GCOS) (Gcos, 2011). In the context of global change, 
fire plays an important role in regional and global climate change through interactions with 
the global carbon cycle, Earth surface albedo, and atmospheric chemistry, influenced by 
greenhouse gases and aerosols emissions derived from biomass burning (Van Der Werf et al., 
2010). Fire also affects several ecosystems in their global distribution and ecological 
properties (Bond et al., 2005). For thousands of years, fire has been used as a tool for, land 
clearance for agriculture, shifting agriculture practices, fuel reduction, cooking, hunting, pest 
control or burning crop residues (Giglio et al., 2006). Fire also plays a major role in 
deforestation in tropical and sub tropical regions (Krawchuk et al., 2009). Nevertheless 
natural fires are dominant in sparsely populated areas, such as boreal forest in North America 
and Russia, where 80% of area burned is caused by lightning (Stocks, 1992). 
Monitoring and performing a reliable classification and characterization of global fire 




 Developing a comprehensive characterization of global fire distribution only is 
possible through space-borne satellites that monitor the Earth continuously, collecting global 
fire information, even in remote areas, in accessible by other means (Arino et al., 2012). 
Satellite sensors can monitor global fire spatial patterns (Dwyer et al., 2000; Csiszar et al., 
2005) and increased our understanding of biomass burning emissions (Kaufman et al., 1998; 
Van Der Werf et al., 2010), land-use/land-cover change (Eva & Lambin, 2000), and fire risk 
(Chuvieco & Congalton, 1989). 
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 Two types of fire data have been developed and currently are available at global scale: 
hotspots (HS) and burned area (BA). HS are positive thermal anomalies detected in the 
emission of energy in the middle and thermal infrared spectral domains, while BA detection is 
based on fire-indices surface reflectance changes (mainly decrease in near-infrared and short-
wave infrared wavelengths,(Pereira et al., 1999). Hotspots detection maps active flame fronts, 
when the radiometric contrast between fire and the cool surrounding area is high enough 
(Giglio et al., 2003a). It depends on simultaneity in the timing of fire occurrence and satellite 
overpass, and clouds and thick smoke that can obscure fire detection. Burned area maps, 
based on a more persistent fire effects signal, display the full spatial extent of the areas 
affected by fires. It is consensual that active fire products underestimate area burned (Roy et 
al., 2008). Weak correlation between both were found by Roy et al., (2008), Hantson et al., 
(2013), and Korontzi et al., (2006). They concluded that satellite overpass time, cloud cover, 
or the temperature of the flaming front (Hawbaker et al., 2008) affect correlation between 
active fires and burned area data. Acknowledging that active fires and burned area data refer 
to different aspects of fire occurrence, active fire products display lower error levels, namely 
commission errors than burned area products, because the thermal signal is a more specific 
diagnostic of burning than the surface darkening observed with burned area detection. Active 
fire data sets have been found useful by atmospheric chemistry community to assess 
characterization of the interannual variability and seasonality of emissions (Van Der Werf et 
al., 2010; Kaiser et al., 2012). 
 To date, different space-borne sensors were used to derive long-term active fire time 
series. These include the global Advanced Very High Resolution Radiometer (AVHRR) on 
board the polar orbiting National Oceanic and Atmospheric Administration (NOAA) 
(Stroppiana et al., 2000; Dwyer et al., 2000; Carmona-Moreno et al., 2005); nighttime data 
with the Operational Linescan System (OLS) onboard the Defense Meteorological Satellite 
Program (DMSP) (Elvidge et al., 1997); the European Space Agency (ESA) Along Track 
Scanning Radiometer (ATSR) World Fire Atlas (WFA), with 1 km global nighttime data 
described in Arino & Rosaz (1999) and used by Arino et al., (2005). The regional 
Geostationary Operations Environmental Satellite (GOES) to study fire activity in the western 
hemisphere (Prins & Menzel, 1992) or the Tropical Rainfall Measuring Mission (TRMM) 
Visible and Infrared Scanner (VIRS) aimed at monitoring tropical fires (38ºS-38ºN) (Giglio et 
al., 2003b) are also some examples of a growing history of fire detection from space. 
Recently, the Moderate Resolution Imaging Spectroradiometer (MODIS) on the Terra and 
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Aqua satellites, due their optical and radiometric specifications, has been used to 
systematically generate a suite of global fire products (Justice et al., 2002). Four daily 
overpasses (with a constant equatorial overpass) and the use of a sophisticated and accurate 
fire detection algorithm, allowed the study of global to regional fire interannual variability. 
Built on the current MODIS algorithm, a new 750m global active product from the two daily 
overpasses of Visible Infrared Imaging Radiometer Suite (VIIRS) aboard the Suomi-National 
Polar-orbiting Partnership (S-NPP) satellite (Csiszar et al., 2014) and recently, an improve 
version with a 375m global product (Schroeder et al., 2014), has been developed, and despite 
the dataset is still short, a short will provide continuity to MODIS active fire products, taking 
full advantages of the finer spatial resolution improving detection of smaller fires and refining 
mapping of larger fires (Schroeder et al., 2014). 
 Due to the long time series available, improvements achieved with higher sensitivity 
of the thermal channels and the use of a contextual algorithm (Giglio et al., 2003), MODIS 
provided a better accurate depiction of global fire activity, lower false alarms (mainly sun 
glint, deserts and coastlines) and detection of smaller and/or cooler fires, enhancing the 
inclusion of smaller fires in the quantification of spatial and temporal distribution of fire at 
global scale (Randerson et al., 2012). Several fire-related global studies used MODIS fire data 
to analyze long term fire trends and characterize spatial and temporal patterns of the global 
fire activity (Giglio et al., 2006; Chuvieco et al., 2008; Giglio et al., 2009; Archibald et al., 
2013; Oom & Pereira, 2013; Hantson et al., 2014,2015). Despite of more than 14 years of 
data provided by MODIS and the generalized use to study fire occurrence at global scale, the 
fire product is not error-free. Several local and regional validations of the product were made 
(Morisette et al., 2005; Giglio et al., 2006; Schroeder et al., 2008a; Schroeder et al., 2008b), 
reporting commission errors in the range of 2-3% (Boschetti et al., 2010).  
 
Global Pyrogeography  
 
 The concept of pyrogeography borrows from ecology biogeographical concepts like 
"resource availability", "climate zone" or "reproduction or dispersal", which explain the 
distribution and abundance of the organisms (Krawchuk et al., 2009). It is possible to 
establish an analogy with the factors used to explain the distribution and abundance of the 
organisms with the biophysical factors that control the distribution of global fire activity: 
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resources availability, environmental conditions suitable for its dispersion and the capacity of 
disperse (Bowman et al., 2013). The availability of satellite imagery led to a better 
understanding of the biogeography of fire, revealing the ubiquity of fire on Earth (Bowman et 
al., 2009). Excluding deserts and some sparsely vegetated lands, fires are present in almost all 
biomes (Mouillot & Field, 2005). Estimates of annual area burned range between 300 and 450 
Mha (Van Der Werf et al., 2010) an area equivalent to the size of India. Around 80-90% of 
the total global burned area occurs in grasslands and savannas, mainly in Africa sub-Saharan 
savannas and Miombo woodlands, but also in South America (Brazilian cerrado), Southeast 
Asia, and savannas and woodlands of northern Australia (Figure 1). Africa, "the fire 
continent" (Goldammer et al., 1993), is responsible for 30 to 50% of the total amount of 
biomass burned globally each year (Roberts et al., 2009) and for 57% of all tropical burning. 
Additionally, Africa is the single largest source of biomass burning emissions (Kaiser et al., 
2012). Temperate and boreal region fires are less frequent but they also consume large 
quantities of biomass (Loboda et al., 2011; Barrett & Kasischke, 2013). In regions with high 
levels of moisture as in boreal regions, where fuel is not a limiting factor, vegetation 
productivity and moisture levels are high and consequently, fire activity is constrained by dry 
weather conditions and only burns when flammable conditions are achieved (Pausas & Paula, 
2012) leading to extreme events with high intensity. 
 
 
Figure 1 Global map of the number of screened MODIS active fire dataset for the period 2000–2009 in a 0.5º 
degree cell (Oom & Pereira, 2013). 
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Fire triangle 
 
 Information concerning resources available to burn (fuel), environmental conditions 
suitable for combustion and fire spread, and ignition sources, whether natural (lightning) or 
derived from human activities are required to understand fire as an ecological process 
(Pechony & Shindell, 2010). Although fire needs biotic, abiotic and human factors to coincide 
in space and time, their importance and interaction changes across scales (Whitlock et al., 
2010; Krawchuk & Moritz, 2011), and can be represented schematically by the fire triangle 
concept (Figure 2). 
 
Figure 2 "Fire triangle" reflecting the three key fire determinants in fire distribution (climate, vegetation and 
ignition agents) at different temporal and spatial scales (Whitlock et al., 2010).  
The three key fire determinants in fire distribution are: 
 Vegetation 
Vegetation supplies the fuel for fires. The amount, type, structure, productivity, 
moisture, continuity all are important for defining the type and spread of fires 
(Flannigan et al., 2013). The different patterns of fuel composition, distribution and 
moisture, which are greatly influenced by climate, influence fire spread rates, fire 
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severity and fire extent (Harrison et al., 2010). Bradstock et al., (2010) and Pausas & 
Paula (2012) showed that there exists a relationship between vegetation productivity, 
moisture availability and fire. Fire activity changes along a productivity/aridity 
gradient in a unimodal fashion, with a peak in fire incidence peaks at intermediate 




Figure 3 Hypothesized Fire-productivity relationship, showing the influence of fuel and aridity as fire drivers 
(adapted from Duguy et al., 2013). 
 
Extreme conditions of moisture influence vegetation productivity and consequently 
the ability to burn. Low/high values of moisture tend to produce insufficient fuel (high 
aridity, in deserts) or fuels too wet to burn ( tropical rainforests). The highest fire 
frequency tends to occur under intermediate values of climatic conditions and seasonal 
variations (Parisien & Moritz, 2009; Marlon et al., 2013). Intermediate levels of 
productivity and aridity provide suitable conditions to sustain fires. These conditions 




Globally, climate affects fire in all its aspects, influencing both the resources as the 
conditions for fire to occur over multiple scales. Temperature, precipitation and wind 
are the most important factor determining fuel productivity, continuity, structure and 
moisture content. Continental and global scale ocean-atmosphere interactions generate 
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large scale patterns in climate conditions that affect fire regimes, especially in the 
southern Pacific regions, like Southeast Asia, Australia or South America. 
 
 Anthropogenic activities  
 At global scale, most of the fires are caused by human activities (except in remote 
areas of Canada and Russian Federation boreal forests), whether intentionally as a tool 
to land management, or even by accident (Archibald et al., 2012). FAO (2007) 
estimated that an average of 80 % of all fires in Mediterranean, South Asia, South 
America and Northeast Asia are caused by humans for land management and 
maintenance of agricultural and pasture lands. All those practices have a profound 
impact on the fire regimes, changing frequency, intensity or even seasonality of fire at 
different scales. Although most authors have assumed the existence of a globally valid 
non-monotonic relationship between population density and fire incidence (Archibald 
et al., 2008; Aldersley et al., 2011; Barbosa et al., 1999), Bistinas et al., (2013) 
showed that the parameters of such a relationship vary substantially throughout the 
globe, mostly as a function of land-use. 
 
 The nested fire triangles shown in Figure 2, represent drivers for fire occurrence at 
scales ranging from the flame in microsites, for a few seconds to days, to super fire regimes 
within the same biome (Parisien & Moritz, 2009). The importance and limitation of all the 
fire drivers, the relationships between them and how they shift in the future, were the subject 
of several studies (Mckenzie et al., 2004; Parisien & Moritz, 2009; Krawchuk et al., 2009; 
Westerling et al., 2011). Other early studies also show how pyrogeography can lead us to 
more accurate understanding of the global macro scales fire patterns (Dwyer et al., 2000; Le 
Page et al., 2010; Krawchuk et al., 2009).  
Global pyrogeography highlights spatial and temporal patterns of global fire activity and 
shows that fire is controlled by a few key environmental variables that, as drivers or as 
constraints, interact and define suitable regions for the occurrence of distinct fire regimes. 
Taking into account the importance of the interactions found along the different temporal and 
spatial combinations in the fire triangle, different scenarios and scales can determine different 
fire regimes (Archibald et al., 2008). In the next section the fire regime concept, as a key 
principle of pyrogeography, is briefly described. 
10 
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Fire regime 
 
 The geography of fire is always related with the definition of fire regimes. The 
concept of fire regime was first advanced by Gill (1975), who proposed that fire activity in a 
landscape could be characterized by the type, frequency, intensity and season (Murphy et al., 
2012). After that, several definitions have been proposed, and the concept of fire regime has 
evolved , including other parameters related with fire, using different time and spatial scales 
and applied to different purposes, according to the needs of users (Krebs et al., 2010). For a 
detail and interesting discussion and evolution of the fire regime concept see Krebs et al. 
(2010) and Whitlock et al., (2010).  
 Conedera et al., (2009) and Krebs et al., (2010) summarized sensu strictu and sensu 
lato fire regimes definitions . While the former represents a sort of a core definition of fire 
regime, including temporal aspects (frequency, seasonality, duration), spatial aspects (extent, 
size, shape) and fire type (crown, surface, smoldering, intensity, etc), the latter considers these 
parameters as part of a wider fire regime definition, including also the conditions controlling 
fire (fire weather, fuel flammability) and ecological and economic impacts of fire (Figure 4). 
Understanding the development and diversification of global fire regimes and what 
determines each one of them by the relationship among its components and their effects on 
the ecological systems (Bowman et al., 2011) is an important issue to the scientific 
community. Moreover, assessing the importance of fire in ecosystems and projecting the 
degree of potential effects of management activities or climate on fire regime responses are 
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Figure 4 Components of the overall fire regime structure proposed by Krebs et al., (2010). (B) Conditions of 
fires describe the factors that influence fire occurrence, (A) regime sensu stricto assembles the core components 
of fire regime (frequency, seasonality, extent, fire size, etc) and (C) impacts on the ecosystem measures the 
direct impact of the fire on the ecosystems (severity). A, B and C together described the fire regime in a wider 
suite of characteristics (D) in a sensu lato perspective. 
 
Key fire regime variables are described below: 
 Intensity  
It quantifies the rate of energy release by the vegetation combustion process. Among 
several broad measures of fire intensity (e.g. heat per unit area, reaction intensity or 
fire line intensity), the Fire Radiative Power (FRP), available as a product in several 
satellite sensors, is an usual proxy for the aerosol emission rate (Ichoku & Kaufman, 
2005) and for fireline intensity (Smith & Wooster, 2005), quantifying fire intensity at 
the time of observation (Wooster & Zhang, 2004). The FRP distribution is highly 
skewed towards low values, with a heavy tail of high values. Since very intense fires 
are not observed in all land cover types (Wooster & Zhang, 2004), a high FRP 
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Severity  
It measures the direct impact, destruction of biomass by fires on the ecosystems. It is 
related with the way fire intensity can affect an ecosystem. Several post-fire indicators 
are used to measure fire severity by organic matter loss indicators. Keeley (2009) 
described the terminology associated to fire intensity and fire severity. 
 
 Frequency  
It quantifies the occurrence of fire per unit time and space. Several related concepts 
like fire return interval', 'fire cycle' or 'mean fire return interval' are used to quantify 
fire frequency.  
 
 Fuel consumption and spread  
Different types of fuel structure, moisture content and chemical compounds will 
determine different types of fire and fire spread. Crown fires, surface or ground fires 
will have different behaviors and ecological impacts.  
 
 Seasonality 
Vegetation fires mostly occur during the dry season, when ignition, fuels and fire 
weather coincide in same space and time. However, humans have greatly altered fire 
season and the patterns of fire seasonality (Le Page et al., 2010)  
 
 The increased human activity, like fire management policies or agricultural expansion 
(Le Page et al., 2010; Bowman et al., 2011) and climate change through global warming 
(Moritz et al., 2012) are some of the possible causes that can shift fire regimes at different 
spatial and temporal scales. Understanding how fire regimes vary across different space and 
time scales and how are they related to environmental conditions is mandatory to anticipate 
their responses to future climate change and future impacts at local, regional or global scales 
(Barrett & Kasischke, 2013). Given the strong effect that climate has on fire weather and fuel 
availability, future dramatic shifts in fire regimes have been predicted, although the 
magnitude and even direction of the predicted changes remain highly uncertain. 
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Benali, A., Mota, B., Carvalhais, N., Oom, D., Miller, L. M. & Pereira, J. M.C. (submitted) 
Bimodal fire regimes unveil the global scale anthropogenic fingerprint.  
 
Brief descriptions of the original contributions 
 
 All the papers, but one, were focused on studies at global scale. The exception is Paper 
IV, which was restricted to Africa. Main research is distributed over Papers I, V and VI and 
collaborative research are expressed in Papers II, III and IV. All papers used global fire data 
derived by MODIS sensors (Paper I). Papers II, III and IV are related with the anthropogenic 
influence on the fire activity. Results of Papers II,III, IV and V contribute to the research 
performed in Paper VI. Figure 5 summarize the thesis structure displaying relationships 
between the original contributions.  
 
 
Figure 5 Summary of the structure of the thesis and relationship among papers. 
 
 Since previous 
research (Hawbaker et al., 2008; Hantson et al., 2013; Mota et al., 2006) had revealed 
limitations on global active fire products, in Paper I the NASA MODIS MCD14ML 
Collection 5 global active fire dataset, spatially aggregated at 0.5
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alarms and non-vegetation fires over the period 2001–2009. Exploratory spatial data analysis 
(ESDA) of fire autocorrelation patterns was performed with the screened data using the local 
Moran’s Index and the Moran scatterplot. ESDA was designed in this study to help on the 
identification of relevant covariates, identification of spatial regimes with potentially distinct 
parameter values, assessing the prevalence and importance of local pockets of spatial non-
stationarity that may behave as outliers and other influential observations, and assessing the 
pertinence of incorporating a spatially lagged independent variable in the specification of 
spatial regression models. Results highlighted a strong positive autocorrelation between fires 
at global scale stressing the importance of addressing this data feature in the development of 
spatial regression models of fire presence and abundance. 
 
Paper II took advantage of the dataset previously acquired in Paper I. This study analyzed 
time lags (delay or anticipation) between peak fire weather conditions and peak observed fire 
activity. These delays were interpreted as a consequence of land management and a group of 
10 case studies were selected in specific fire regimes location and analyzed to unravel the 
anthropogenic signature on fire seasonality. A large variety of fire practices associated with 
land management, deforestation or agriculture activities were highlighted as results of the 
anthropogenic impact on fire seasonality. 
 
Paper III focused on testing the hypothesis of spatial non-stationarity in the coefficients of the 
relationship between population density and area burnt, using geographically weighted 
regression (GWR). This concept affords the opportunity to assess a spatial variability that is 
not acknowledged in any DGVM, by measuring the magnitude of the relationship between 
human activities and fire incidence, showing that the inclusion of non-stationarity led to 
significantly different results from those obtained using global (i.e. spatially stationary) 
regression techniques. 
 
Paper IV tested the hypothesis that the highly anthropogenic nature of African vegetation 
burning would lead to weekly cycles in fire activity, modulated by the regionally dominant 
religion. Croplands are the only major land use type where there is a significant weekly cycle 
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Paper V was focused on the need to improve the identification of fire events, and therefore 
depict better results for fire size distributions, an input variable to Paper VI. In this paper, we 
developed a novel method to identification of fire events using active fire data. The algorithm 
encodes the relevant space and time contiguity relationships between the fire patches in a 
graph structure. An exploratory analysis was performed to evaluate the impact of using time 
gaps of 2, 8 and 14-days on the number, size and spatial distribution of active fire clusters.  
Paper VI was focused on the developing of a new global classification map of sensu strictu 
fire regimes based on the definition proposed by Conedera et al., (2009) using 12 years of 
MODIS active fire data (Paper I) and integrating outputs derived from Papers II, III, IV and 
V. A Multiple Correspondence Analysis, and hierarchical clustering was applied to depict, 
seven fire regimes that can be grouped into three major regimes, corresponding to boreal 
forests / semi-arid regions, tropical savannas, and croplands / grasslands. The fire regimes 
classification map was smoothed with a spatial filter parameterized to optimize the trade-off 
between cluster separation in the principal factorial plane and spatial homogeneity.  
 
 The format of the listed contributions, figures and other details may differ among the 
articles in order to keep consistency with their published format, or the required format of 
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II. Seasonality Of Vegetation Fires As Modified By Human Action: 
Observing The Deviation From Eco-Climatic Fire Regimes 
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III. Relationships between human population density and burned 
area at continental and global scales 
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IV. Religious Affiliation Modulates Weekly Cycles of Cropland 
Burning in Sub-Saharan Africa 
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V. Highlighting biome-specific sensitivity of fire size distributions to 
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Article 
Highlighting Biome-specific Sensitivity of Fire Size 
Distributions to Time-gap Parameter Using a new 
Algorithm for Fire Event Individuation 
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Abstract: Detailed spatial-temporal characterization of individual fire dynamics using remote 
sensing data is important to understand fire-environment relationships, to support landscape-scale 
fire risk management, and to obtain improved statistics on fire size distributions over broad areas. 
Individuation of events to quantify fire size distributions has been performed with the flood-fill 
algorithm. A key parameter of such algorithms is the time-gap used to cluster spatially adjacent fire-
affected pixels and declare them as belonging to the same event. Choice of a time-gap to define a fire 
event entails several assumptions affecting the degree of clustering/fragmentation of the individual 
events. We evaluate the impact of different time-gaps on the number, size and spatial distribution of 
active fire clusters, using a new algorithm.. The information produced by this algorithm includes 
number, size, and ignition date of potential-fire events (PFE). The algorithm was tested at global 
scale using active fire observations from the Moderate Resolution Imaging Spectroradiometer 
(MODIS). PFE size distributions were characterized with the Gini coefficient, and the impact of 
changing time-gap values was analyzed on a 0.5° cell grid. As expected, number of PFE decreased 
and mean size increased with the time-gap value. The largest sensitivity of fire size distributions to 
time-gap was observed in African tropical savannas and, to a lesser extent, in South America, 
Southeast Asia, and eastern Siberia. Sensitivity of fire individuation, and thus Gini coefficient values, 
to time-gap demonstrate the difficulty of individuating fire events in tropical savannas, where 
coalescence of flame fronts with distinct ignition locations and dates is very common, and fire size 
distributions strongly depend on algorithm parameterization. 
Keywords: fire event, algorithm, time-gap, fire size distribution, active fire, MODIS, Gini coefficient 
 
1. Introduction 
 Statistical descriptors of fire size distributions (FSD) are often used in the characterization of 
vegetation fire regimes [1-3]. Information on FSDs is applied in landscape fire management, for 
planning and evaluating prevention and suppression efforts [4,5], to understand fire impacts on 
vegetation dynamics [6,7], and to diagnose climate and/or land use changes [8]. 
  Global, daily burned area and active fire data, at spatial resolutions of 500m and 1km 
respectively, have been available for the last 15 years, from the NASA MODIS Terra and Aqua 
instruments [9], and an active fire dataset of comparable length was produced by the European Space 
Agency Along-Track Scanning Radiometers [10]. Availability of such data provides the opportunity to 
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characterize fire size distributions in a systematic and consistent way at global scale. However, this is 
not a trivial task because it requires the ability to identify individual fire events, by patching together 
or splitting apart the snapshots of fire spatial/temporal dynamics afforded by satellite imagery. This is 
particularly problematic in regions with extensive burning and fast spreading fires, such as tropical 
savannas, where formation of the “seasonal burning mosaic” [11] entails extensive coalescence of 
flame fronts with distinct ignition sources. Individuating fire events may be difficult too in regions 
affected by persistent cloud cover, like boreal forests. 
 Accurate identification of a "fire event", described as a burning event with a single ignition 
location and contiguous spread in space and time [12], has been deemed critical to assess fire behavior 
and environmental impacts [13]. Various authors have sought to resolve the complex process of 
identifying individual fire events with the intent of accurately quantifying fire size distribution 
patterns. Pixel aggregation algorithms based on flood-fill techniques were used in past studies in an 
attempt to identify individual fire events [1,7,14,15]. These algorithms, initially proposed by [16] to 
detect individual fire events from MODIS burned area patches (MCD45A1), use a roving window to 
detect a fire-affected pixel, identify its date of burning and, in a recursive way, search for the date of 
burning of all spatially adjacent fire pixels to check whether they burned within some specified 
temporal threshold of their neighbors’ burning dates. If these two rules are met (spatial adjacency and 
temporal proximity), pixels are assumed to belong to the same fire event. This process will continue 
until one of the rules is not fulfilled [16]. In a different approach, [12] reconstructed the spread of large 
fires in northern Eurasia using MODIS active fire detections. Their algorithm starts with the earliest 
date of burning (point of ignition) and searches for all active fires occurring before a given temporal 
threshold and falling within a 2.5 km radius from the seed pixel. Once both criteria are met the pixel is 
assigned to the new fire event and excluded from further consideration [12]. A fire event is considered 
complete when no new unassigned fire pixels fall within the temporal and spatial bounds of the fire 
pixels already assigned to a given event. A critical aspect of both algorithms is the selection of the 
time-gap used to cluster contiguous burned pixels and declare them as belonging to the same fire 
event [7]. The choice of a temporal threshold to define a fire event entails several assumptions 
affecting the degree of clustering/fragmentation of the individualized fire events [1]. Short time-gaps 
will yield a large number of small fires, while longer time-spans will promote higher spatial 
aggregation, resulting in a smaller number of larger events. Different time-gaps have been used in 
previous studies: [16] and [14] tested an 8-day time-gap in southern Africa. At the global scale, [1] 
used a 2-day time-gap and [7,15] used a 14-day time-gap to produce global fire size distributions. The 
14-day time-gap used by [7,15] was justified with the purpose of overcoming the artificial increase in 
the number of fires that occurred with shorter time-gaps in areas with temporary cloud cover, or due 
to smoke obscuration of the land surface.  
 Here, we propose to evaluate the impact of using three different time-gaps of 2, 8 and 14-days, 
on the number, size and spatial distribution of active fire (hereafter AF) clusters. To accomplish this, 
we developed an alternative algorithm to the flood-algorithm in order to identify individual active fire 
clusters using MODIS satellite fire data. The algorithm relies on encoding in a graph structure the 
relevant space-time contiguity relationships among patches of active fires with the same date of 
burning (hereafter DoB), which we call fire patch units (FP). A standard graph technique is then used 
to decompose the set of FP into disjoint spatially connected clusters with consistent fire-path histories, 
which we designated as potential-fire events (PFE). The newly developed algorithm is employed to 
perform a global scale assessment of the sensitivity of the Gini coefficient as a measure of fire size 
inequality to a range of settings of the time-gap parameter. Results are provided for 6 case studies and 
in the form of a 0.5° grid map, and assessed using the global Anthromes map of [17] and the global 
biomes map of [18]. 
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2. Materials and Methods  
2.1. Fire data 
 Active fire data used for this study were taken from the MODerate Resolution Imaging 
Spectroradiometer (MODIS) MCD14ML Collection 5 daily Active Fire Product [19] for the year of 
2003. This dataset reports the location and timing of active fires at native resolution (1 km at nadir) for 
both MODIS satellites: Terra and, since May 4th 2002, Aqua. MODIS active fire were screened for false 
alarms and non-vegetation fires according to the procedures described in [20], and aggregated into a 
final grid of 31066 0.5° spatial resolution cells. 
2.2. PFE individuation algorithm 
 A new four-step algorithm to individuate PFE was developed, including the following steps: 
 i) Fire patch identification: The algorithm assumes that adjacent AF with the same DoB 
belong to the same PFE. We designate as fire patch (FP) a spatially connected region formed by AFs 
with the same DoB that cannot be enlarged with new AF. FP are the basic units upon which PFE are 
built. To identify the set of fire patches, we consider a graph whose set of vertices are the set of AF 
such that two AF are connected by an edge, if they are adjacent and have the same DoB. In this 
framework each FP correspond to a connected component of this graph, i.e., to a maximal set of 
vertices such that any pair of vertices can be connected to each other by a path within the connected 
component. 
 Figure 1 shows a conceptual example, created to facilitate explanation of the algorithm, 
depicting a collection of fire events. In this example, nine FP are depicted, each one with its respective 
DoB. Each FP, identified with a unique ID (ranging from FPA to FPI), corresponds to a maximal 
connected region formed by AF pixels with the same DoB. FP with the same DoB are depicted in 
Figure 1a with the same color. An illustration of FP as spatially connected groups of pixels (AF) of the 
same color is shown in Figure 1b. 
 
               (a)                                             (b)                                    
Figure 1. (a) Simulated example of a group of nine Fire Patches (FP). FP depicted by the same colour 
have the same DoB: FPA and FPG have DoB 1 (light brown); FPB and FPE have DoB 2 (green); FPC has 
DoB 3 (grey); FPD, FPF and FPI have DoB 4 (blue) and FPH has DoB 15 (orange); (b) red rectangles 
highlight the simulated AF located at the border between FPC and FPA, FPB and FPE. The number in 
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 ii) FP contiguity relationships encoding: the relevant spatial-temporal contiguity 
relationships among FP are encoded in a weighted directed graph structure as follows: the vertices of 
the directed graph (digraph) is the set of FP such that two FP are connected by a weighted directed 
edge, starting at the FP with the earlier DoB, if the following two conditions hold: 1) the FP are 
spatially adjacent and 2) the date difference between the corresponding DoB lies within the time-gap 
considered. The edge weight between the two FP is defined as the contact number between the FP, 
i.e., as the number of pairs of adjacent pixels, with one pixel in each one of the FP. A FP for which no 
other adjacent FP exists with an earlier DoB such that the DoB difference lie within the time-gap 
considered, is designated a point of ignition (hereafter PoI). Thus, a PoI correspond in the digraph to a 
source vertex, i.e., to a vertex at which no directed edge terminates. 
 Figure 2 depicts the digraph encoding the spatial-temporal contiguity relationships among the 
FP of example in Figure 1, assuming a time-gap of 2 days. The digraph contains 4 FP corresponding to 
PoI (marked using oversized letter IDs). 
 
Figure 2. (a) Weighted digraph structure encoding the space-time contiguity relationships (edges) 
connecting the nine Fire Patches (FP) (vertices) referred in Figure 1 for a 2-day time-gap. For each Fire 
patch (FP) the corresponding date of burning (DoB) is also shown. The digraph contains the 4 PoI 
(displayed with oversized letter IDs): FPA, FPG, FPI and FPH. Edge weighs (contact numbers) for the 
connections FPA - FPC, FPB - FPC and FPE - FPC, are also displayed. 
  The edge weights five, three, and six depicted on the directed edges connecting FPA to 
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Table 1. Contact number between Fire Patches (FP) FPC and FPA, FPB and FPE. Each X symbol represents the 
existence of a pair of spatially adjacent AFs, lying in distinct FP. Numbers with lower caps labels refer to the AF 
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 iii) Causal relations configuration: to each FP that is not a PoI we assign a unique spatially 
adjacent FP with an earlier DoB, such that the DoB difference lies within the time-gap considered. This 
assignment identifies the adjacent FP from which the fire has propagated. Causal relations are 
randomly chosen in such a way that pairwise FP connecting large fire perimeter segments are more 
likely to be aggregated. More precisely, the probability that a causal relation between two FP is chosen 
is proportional to the weight of the directed edge connecting the FP, i.e., proportional to the contact 
number between FP. In Figure 2, FPC can be connected by a causal relation to FPA, FPB or FPE, with 
probability of success 5/14, 3/14 and 3/7 respectively. We call the set of all causal relations the causal 
relations configuration, which we represent in the digraph by dashed arrows (Figure 3a). The causal 
relations configuration determines the fire-path histories in the following sense: each FP that is not a 
PoI can be traced back to a unique PoI by a sequence of causal relations with monotonically decreasing 
DoB, such that date differences between consecutive FP lie within the time-gap. For instance, 
according to the causal relation configuration depicted in Figure 3a, the FPD can be traced back to its 
PoI, FPG by the sequence of causal relations FP: FPD -->FPC -->FPE --> FPG. Using the causal relations 
configuration we modify the original digraph encoding the spatial-temporal contiguity relationships 
by adding the directed edges corresponding to the causal relations and by suppressing the directed 
edges connecting FP with no causal relation between them. The modified digraph derived from the 
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                              (a)                                                (b)                                    
Figure 3. Digraph structure encoding the space-time contiguity relationships (edges) connecting the 9 
Fire Patches (FP) (vertices) referred in Figure 1 for a 2-day time-gap threshold. (a) A possible causal 
relations configuration and (b) modified graph containing only the directed edges connecting FP when 
a causal relation (dashed arrows) is present. Causal relations are displayed as dashed arrows. For each 
FP the corresponding date of burning (DoB) is also shown. 
 iv) Decomposition into PFE: the set of FP was partitioned into disjoint components consisting 
of spatially connected unions of FP, with a single PoI per component, according to the chosen causal 
relations configuration. Each one of these components is the union of all fire-path histories starting at 
its (unique) PoI and corresponds to a unique PFE. By construction, the number of PFE is equal to the 
number of PoI, and therefore independent of the causal relations configuration (depending only on the 
digraph structure encoding the spatial-temporal relationships). Mathematically, the partition into PFE 
can be easily achieved by decomposing the modified digraph encoding the spatial-temporal 
relationships into strongly connected components, i.e., into maximal sub-graphs for which any pair of 
vertices in the sub-graph can be connected in both directions by directed paths. This decomposition is 
unique and can be efficiently obtained using Tarjan’s algorithm [21], which has, in the worst case, 
linear time-complexity with respect to the input dimension (number of vertices plus number of 
edges). In particular, the decomposition is scalable and thus can be applied to large data sets. 
Returning to the previous example, the causal relations configuration of Figure 3 led to the 
decomposition into four PFE shown in Figure 4, where each PFE is depicted using a different colour, 





Modelling global pyrogeography using data derived from satellite imagery                               Duarte Oom  
 
                     (a)                                          (b)                                    
Figure 4. (a) Original Fire Patches (PF) and (b) possible 4 potential-fire events (PFE) derived from the 
algorithm implementation. The black arrows display a possible fire path history based on the 
algorithm assumptions: spatial adjacency and temporal contiguity. Points of ignition (PoI) for this 
configuration are FPA (Day of burning (DoB): 1); FPG (DoB:1); FPI (DoB: 4) and FPH (DoB:15). 
2.3. Sensitivity of fire size distributions to the time-gap parameter 
 Total number of fire events and fire size distribution were analyzed for each 0.5° cell using 
MODIS active fire data for 2003 and different time-gaps. The fire size distribution was characterized 
using the Gini coefficient [22] as a measure of size inequality, assessing the extent to which burned 
area is dominated by a small number of large events or, conversely, if it results from a larger number 
of fires with similar sizes. Time-gaps of 2, 8, and 14 days were used to cluster individual active fires 
into PFE and evaluate impacts on size distribution. The spatial distribution of Gini coefficient values 
was interpreted with the aid of the Anthropogenic Biomes of the World dataset (Anthromes) [17] and 
the global biomes map of [18]. The Anthrome dataset, which represents global patterns of 
anthropogenic transformation of terrestrial biomes integrating information on population density, 
land cover and land use, was resampled to a 0.5° grid cell and reclassified into 6 major classes (Dense 
Settlements, Villages, Croplands, Rangelands, Forest and Wildland). For a description of the classes 
see [17] and [18]. To assess the spatial distribution of PFE and the Gini coefficient values with the land 




3.1. Sensitivity of fire size distributions to the time-gap parameter 
 
A total of 4477192 fire observations were included in the analysis. Three different time-gaps used 
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Table 2. Time-gap sensitivity analysis for 2, 8, and 14-days and the corresponding number of potential-fire 




 of PFE 
Fire size classes (km) 
1 1 - 5 5 - 10 10 - 20 20 - 50 > 50 
 2 2101171 65.86 31.09 2.27 0.60 0.16 0.02 
 8 1900092 62.15 33.50 3.24 0.86 0.22 0.03 
 14 1764628 59.48 34.98 4.10 1.13 0.27 0.04 
 
As expected, a time-gap increase led to a decrease in the total number of PFE identified and to a 
smaller proportion of single fire pixel (Table 2). Increasing the time-gap also increased the proportion 
of PFE in the larger fire size classes. Figures 5 and 6 respectively map the differences in the number of 
PFE and Gini coefficient values obtained using 2- and 14-day time-gaps. In Figure 5, 16112 out of 
31066 half degree cells (51.86%) show no difference in the number of PFE. There are 122744 
unchanged PFE, with a mean size of 1.7 km2. Areas with a stable number of PFE occurred mainly in 
agricultural regions, characterized by small, short duration fires, with similar Gini coefficient values 
for both time-gaps (Figure 6). The cell with the largest difference in the number of PFE was located in 
north-western India (Punjab, Haryana and Uttar Pradesh districts), where 774 (mean size of 1.5 km2) 
and 401 (mean 2.5 km2) PFE were identified with the 2- and 14-day time-gap parameter values, 
respectively. This area is responsible for two thirds of grain production in India, and has one of the 
highest fire densities in the world [20] due to extensive straw burning [23]. Large differences in 
number of PFE as a function of time-gap parameter are also found in both African hemispheres, with 
a high incidence in the Miombo savanna woodlands [24], characterized by a high fire size inequality 
[25], and also in Brazil and south-eastern Asia. Figure 6 shows 15881 cells (51%) with positive values, 





Figure 5. Potential-fire events (PFE) number difference for 2-day and 14-day time-gaps for each 0.5° 
cell in 2003. Cells with no change in the PFE number are represented in dark green. Boxes with letters 
(a-f) are the location of case study cells.(a) Ukraine; (b) Sudan; (c) Cambodia; (d) China; (e) Russia and 
(f) India.  
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Figure 6. Gini coefficient values difference for 14-day and 2-day time-gaps for each 0.5° cell in 2003. 
The differences are reported cell by cell. Cells with no change in the potential-fire events (PFE) number 
are represented in dark green. 
inequality. The largest positive Gini coefficient difference (0.6752) was observed in a cell 
located in the eastern Siberian steppe. This cell recorded group of 5 individual PFE, with a 
mean size of 3.12 km2 when the 2-day time-gap was used, and only two PFE (1km2 and 16 
km2) with the 14-day time-gap. The corresponding Gini coefficient values were 0.1582 and 
0.8333 for the 2 and 14-day time-gaps, respectively. With sparse population and vast, 
uninterrupted expanses of grasslands, this region tends to have most of its burned area 
concentrated in a small number of very large events. Gini coefficients positive differences 
were also found in other semi-arid to arid dry lands of Central Asia, namely along the 
border between Mongolia and northern Kazakhstan. Woodland savannas in both African 
hemispheres, southeastern USA, the Llanos savannas of Colombia and Venezuela, the "arc of 
deforestation" in Brazil, the Chaco of Paraguay, eastern Australia, and insular south-east Asia 
also show positive Gini differences. A large patch with a high number of PFE is also east of 
Lake Baikal, in the Amur River basin steppe, a sparsely inhabited area characterized by fire 
regimes dominated by wildfires in semi-arid to arid grasslands and shrublands. In the 
summer of 2003, this region recorded a large number of wildfires [26]. Negative values of the 
difference between using 14-day and 2-day time-gaps, occurred in 9% of all cells (2836), 
scattered all over the globe. Most of these negative values correspond to rearrangements of 
fire size inequality towards a more balanced distribution with the 14-day time-gap, which 
occurs, for instance, with the largest negative Gini value observed in eastern Siberian steppe. 
In this case two PFE exhibit different arrangements according to the time-gap used. With a 2-
day time-gap, fire sizes of 1 km2 and 15 km2 were individuated, resulting in a value of Gini 
coefficient of 0.8235. With the 14-day time-gap, a new arrangement led to a more balanced 
fire size distribution with 7 km2 and 9 km2 and a value to which corresponded a Gini 
coefficient value of 0.08. Places exhibiting no significant differences between both time-gaps 
(12349 cells, 40%) are mainly located in areas of intense land use management and high 
population density, dominated by small fire sizes. They are found over a very broad area 
spreading along the 5 continents: south-eastern/eastern of Mississippi river (USA), south-
eastern Brazil, Peru, the Pampas of Uruguay and northern Argentina, large areas over 
eastern Europe, Kazakhstan, India, and eastern/south-eastern China. 
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 To interpret the impact on fire size distribution, Gini coefficient was calculated for each 
time-gap (Figure 7) and its spatial distribution was analyzed with six Anthromes classes 
derived from [17] (Figure 8) and 13 biomes derived from [18] (Figure 9). 
 
Figure 7. Gini coefficient global frequency distributions for time-gaps 2- ,8- and 14-days. 
 Although all three distributions peak in frequency at a Gini value of 0.3, the distribution for 2-
day time-gap displays higher frequencies for lower Gini values, indicating a more balanced 
distribution of PFE by size class than those obtained with 8- and 14-day time-gaps, which tend to 
concentrate fire activity into a smaller number of larger events. Differences between the latter two 
distributions are of smaller magnitude. 
 
 
Figure 8. Gini coefficient values for the 6 major Anthrome classes using 2- ,8- and 14-day time-gaps. 
Gini coefficient values increase from densely settled and managed landscapes to sparsely 
populated, unmanaged areas, reflecting the shift from balanced distributions with many small fires, to 
distributions dominated by a small number of very large fires. No major differences between 
Anthromes in sensitivity to the time-gap parameter are apparent, although the 75th percentile seem to 
be slightly more sensitive than the 25th percentile in most Anthromes. For each Anthrome class, one 
0.5 °cell was selected (Figure 5) and the total number of PFE and Gini coefficient vales were calculated 
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Table 3. Total number of potential-fire events (PFE) for each case study using three different time-








2 8 14 
a) Ukraine Cropland 
46 44 44 
(0.21) (0.21) (0.21) 
b) Sudan Rangeland 
470 423 409 
(0.35) (0.37) (0.39) 
c) Cambodja Forests 
472 397 319 
(0.25) (0.32) (0.38) 
d) China Villages 
32 31 31 
(0.15) (0.16) (0.16) 
e) Russia Wildland 
129 56 56 






774 480 401 
(0.26) (0.42) (0.44) 
 
 Table 3 shows that cells classified as Villages (d) and Croplands (a) have the lowest number of 
PFE and the lowest difference between the difference time-gaps. The highest number recorded for the 
three time-gaps belongs to Punjab district in India (f), with the biggest difference in the number of PFE 
occurring between 2- and 14-day time-gaps. As already mentioned, the 14-day time-gap yields 
considerably higher pixel aggregation than the 2- or 8-day time-gaps. 
 
 
Figure 9. Gini coefficient values for 13 biomes, using 2-, 8-, and 14-day time-gaps. 
87 
 
Modelling global pyrogeography using data derived from satellite imagery                               Duarte Oom  
A biome based analysis [18], picks up a pattern not discernible with the Anthromes data: Gini 
coefficient sensitivity to time-gap is relatively higher in tropical biomes, such as Tropical Dry 
Broadleaf Forest, Tropical Grasslands and Savannas, and Flooded Grasslands and Savannas (most of 
which are located in the tropics) than in temperate of boreal biomes, with the lowest sensitivities 
occurring in Temperate Broadleaf Mixed Forests and in Temperate Conifer Forests.  
3.2. Performance of the PFE individuation algorithm 
 As an example of algorithm performance, Figures 10 show in detail the consequences of using 
different time-gaps (2- and 14-day) in a case study located in Sudan (Figure 10a, b), exploring the 
behaviour in this type of fire regime. Figure 10b, based on a 14-day time-gap, exhibits a clearly more 
aggregated pattern with fewer PFE than the 2-day time-gap case of Figure 10a. For this cell, the 
number of PFE was respectively 470 and 409 for 2- and 14-day time-gaps (Table 2). 
 
 
                     (a)                                                (b)                                    
Figure 10. Region of a Sudan 0.5° cell (8ºN, 27ºE), using (a) 2-day and (b) 14-day time-gaps. Colored 
small squares are MODIS 1km2 active fire pixels for 2003. Each color is allocated to one pseudo-fire 
event (PFE). Number in boxes correspond to the date of burning (DoB,1-365) for 2003. Box A1, A2 and 
B are described in the text and detailed in Figures 11 and 12. 
 
 We analyzed in detail the decomposition into PFE for boxes A1 and A2 in the Sudan region (Figure 
11a and 11b respectively), to investigate if differences in the number of PFE emerge between the two time-
gaps (A1:2-day; A2:14-day). Figure 11 depicts several AF pixels aggregated into three FP. The common DoB 
differences among these three FP (six days) is above and below the 2-(Figure 11a) and 14-day time-gap 
(Figure 11b), respectively. As a consequence, in the former case no temporal contiguity relationships exist, 
yielding three different PFE. In the latter case, with the time-gap considered FPB and FPD are linked to FPA 
by causal relations (dashed arrows) and only one PFE is obtained. No other causal relations configuration 
exist in this case. 
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                     (a)                                                (b)                                    
Figure 11. (a) Detail of A1 with 2-day time-gap and (b) A2 with 14-day time-gap boxes mentioned in 
Figure 10. On the left side of the figures, each square represents a MODIS active fire (AF) with the 
number inside related to the date of burning (DoB). These AF are aggregated into Fire Patches (FPA, FPB 
and FPC) and their spatial-temporal contiguity relationships are encoded in the corresponding digraph 
structure shown on right side of the figures. 
 Box B of Figure 12 displays two distinct decompositions into PFE using a 2-day time-gap, 
induced by different choices of the causal relations configurations (although the number of PFE 
remains the same in both cases). In Figure 12a the algorithm chose the causal relation from FPB to 
FPA, leading to the decomposition into two PFE: union of FPA and FPB (PFE starting in DoB 262 and 
ending in DoB 263) and union of FPC, FPD and FPE (PFE starting at DoB 262 and ending in DoB 264). In 
Figure 12b the algorithm opted for the causal relation from FPB to FPC leading to different 
decomposition into the two PFE, the isolated FPA (PFE with the unique DoB-262) and the union of FPB, 
FPC, FPD and FPE (PFE starting at DoB 262 and spreading in two directions, one ending at DoB 263 and 
the other at DoB 264). Note that since the blue PFE have ignition date 262, the other FP with DoB 262 
could not be included because that would cause non-adjacent ignition points to occur in the same PFE, 
contradicting a model assumption. 
 
                     (a)                                                (b)                                    
Figure 12. Detail of the box B depicted from Figure 10a with two distinct decomposition into two new 
potential-fire events (PFE) using 2-day time-gap showing the corresponding digraph structure:(a) 
choosing the causal relationship between Fire patches (FP) FPB to FPA and (b) choosing the causal 
relationship FPB to FPC. Colored small squares are MODIS 1km2 active fire pixels for 2003. Each similar 
color is allocated to one PFE (orange and blue). Number in boxes correspond to the date of burning 
(DoB,1-365). 
 Thus, in spite of the fact that adjacent FP lie within the time-gap considered, the set of FP is 
broken up into PFE to preserve consistent fire histories, which helps keeping the number of PFE and 
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4. Discussion 
 Selection of a single value of the time-gap parameter for global studies [1,7,14], not accounting 
for fire regimes specificities, such as the formation of a “seasonal mosaic” of fire-affected areas [11,27], 
and the occurrence of consecutive days of missing land surface observation due to clouds or smoke, 
may lead to artefactual results in fire individuation and, consequently, in fire size distributions. Short 
time-gap values may break up fires and artificially increase the number of events in regions affected 
by persistent cloud cover, like boreal forests, while longer time-spans may promote excessive spatial 
aggregation, resulting in a smaller number of larger events. In tropical savannas, where a large 
fraction of the landscape burns every season as a result of many independent ignitions, individuation 
of fire events and the resulting fire size distributions critically depend on the time-gap parameter 
value. Detailed analysis of individual grid cells showed that the relatively high Gini coefficient 
sensitivity to the time-gap parameter observed in many tropical regions is due to very high ignition 
densities, which lead to extensive coalescence of neighboring (in space and time) fire events. 
Evidently, higher time gap parameter values will increase the extent of coalescence, reducing the 
number and increasing the size of potential-fire events, and yielding higher Gini coefficient values. 
Our results show that in regions where only a small fraction of the landscape burns in a given season, 
and thus coalescence of fires with distinct ignitions is minimal, PFE size distributions are robust with 
respect to time-gap parameter values. 
 The algorithm proposed in this study to individuate fire events, although tested with active 
fire data, is meant as an alternative to the flood-fill algorithm previously used in most studies with 
burned area data [1,7,15,16]. Starting from a seed (AF), the flood-fill algorithm assigns each 
unclassified AF that can be spatially connected to the seed, building a path of classified AFs, such that 
consecutive AF have DoB within the time-gap considered. This time-gap restriction per se does not 
ensure consistency of DoB required to reconstruct the fire path-histories in each fire event. Our 
approach has been designed to overcome this limitation, by conveniently translating the individuation 
problem to a standard graph technique, according to a set of pre-defined causal relations. Contrary to 
the flood-fill approach, with our algorithm aggregation in the same event of adjacent AF with DoB 
differences within the time-gap considered, only occurs if no inconsistent fire-path histories arise. In 
this way, aggregation of AF in the same fire event is often self-limited by the fire dynamics, even when 
adjacent FP with DoB within the time-gap considered can be found. This situation is illustrated in 
Figure 13. In a), the fire event consisting of all AFs (in orange) verifies the spatial and temporal 
restrictions of the flood-fill-algorithm and could be generated by it. With our algorithm, the case 
shown in Figure 13 a) would not occur, otherwise non-adjacent AFs with the same DoB would be 
aggregated in the same fire event, yielding two causal relations assigned to the same FP. Thus, the 
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                     (a)                                                (b)                                    
Figure 13. Detail of the example shown in box B depicted from Figure 10a with (a) flood-fill algorithm 
and (b) the algorithm proposed in this study to individuate potential-fire events (PFE) using 2-day 
time-gap. Colored small squares are MODIS 1km2 active fire pixels. Each similar color is allocated to 
one PFE (orange and blue). Numbers in boxes are the date of burning (DoB,1-365). 
 We believe that the assumptions incorporated in the algorithm for individuating fire events 
are reasonable representations of the real process of the spatial dynamics of fire ignition and spread, 
as observed with thermal infrared satellite remote sensing with daily temporal resolution and 1 km 
spatial resolution. We chose values for the time-gap parameter matching those used in previous 
studies, to ensure comparability of results. Further algorithm improvements may be achievable by fine 
tuning the rules defining the causal relations to allow for coalescence of fire events (multiple ignition 
points in the same fire event), or to account for DoB differences. It is however beyond the scope of this 
work to perform a thorough comparison of algorithm output values against independent 
observations. That would be a difficult task, anyway, because data on the location of flame fronts at 
various moments throughout the duration of fire events are not widely available from ground-based 
measurements. At this stage, evaluation of model outputs can only be performed qualitatively and at 
a very aggregate level, by expert evaluation of size distributions of potential-fire events generated by 
the algorithm. Detailed illustrations of algorithm performance are meant to expose its internal logic 
and the consequences of its underlying assumptions, not to establish its external validity. 
 5. Conclusions  
 Given the different types of fire regimes that occur across different biomes, and the limitations 
of current Earth observation satellites in terms of spatial and temporal resolution, results of algorithms 
purporting to individuate fire events must be considered with great care, acknowledging the extent to 
which they may be produce artefactual results. We performed a global study, using a novel algorithm, 
to assess the effect of different time-gap parameter values for individuating fire events, as well as to 
evaluate their impact on the size distribution and spatial patterns of active fire clusters. Fire size 
distributions show little sensitivity to the time-gap parameter in cropland areas, where individual fire 
events tend to be small and annual percent burned area is not very large. African savannas are 
particularly sensitive to the time-gap parameter due to the large number of fires and, extensive area 
burned, which yield a complex spatio-temporal fire mosaic and abundant coalescence of fire fronts 
with distinct origins. In boreal regions, due to persistent cloud cover, which may prevent observation 
of the land surface for a few consecutive days, setting a short time-gap may split large, long duration 
fire events. The next step in algorithm development ought to be the elimination of a fixed, global time-
gap parameter, and replacing it with an active fire aggregation stopping rule representing a 
compromise between fire event size and DoB homogeneity, operating at the level of the individual fire 
event. Such an improvement will automate contextualization of the time-gap parameter choice, and 
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VI. Global mapping of sensu strictu pyrogeographic regimes using 
MODIS active fire data 
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Global mapping of sensu strictu pyrogeographic regimes using 
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 A new global classification map of sensu strictu fire regimes was developed using 11 
years of MODIS active fire data (MCD14ML) encoded in a set of six fire regime variables 
(Incidence, Size Inequality, Season Length, Regularity, Seasonality and Intensity), discretized 
into 22 modalities. Multiple Correspondence Analysis (MCA) and hierarchical clustering 
were used to identify groups of observations with similar fire regime characteristics. Seven 
regimes were identified and grouped into three fire macro-regimes: i) Wildland fires in boreal 
forests / semi-arid regions characterized by intense fires with, low fire incidence, unequal fire 
size distribution, and very short unimodal fire seasons, ii) Cropland fires in croplands / 
grasslands with small, low intensity and regular fires in long fire seasons and iii) Rangeland 
fires in tropical savannas characterized by a high fire incidence, low intensity fires, and 
regular unimodal fire seasons. Fire Incidence, Regularity, and Season Length contributed the 
most for the fire regime classification, while Intensity and Seasonality contributed the 
least. The resulting fire regimes classification map was smoothed with a spatial filter to 
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optimize the trade-off between cluster separation in the principal coordinates plot and spatial 
homogeneity. Fire regimes labels were developed using a rigorous procedure based on 
modality impurity. The new global fire regimes map improves upon previous research by 
expanding the global land area classified, incorporating new fire regime variables, deriving a 
two-level fire regime classification, and developing an objective, quantitative procedure for 
creating fire regime labels with a variable number of fire regimes descriptors. The proposed 
fire regimes classification is highly interpretable in terms of ecoclimatic and landuse drivers. 
Keywords 
Global fire regimes, pyrogeography, MODIS active fires, fire descriptors,  Multiple 
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1. INTRODUCTION 
 Fire is a natural ecological phenomenon, necessary to maintain ecosystem dynamics, 
productivity, and biodiversity. It is also a ubiquitous land management tool used in croplands, 
rangelands, and forests throughout the world. On the other hand, wildfires annually affect 
millions of hectares of forests, woodlands and other vegetation, leading to loss of lives and 
enormous economic losses in terms of resources destroyed and suppression costs (Bond et al., 
2005). Characterizing and mapping fire regimes entails defining a key set of fire descriptors 
that may be organized in different ways according to user needs (Conedera et al., 2009). The 
concept of fire regime may refer to different time scales (decades to millennia) and different 
geographical extents (ecosystem to global). Sensu strictu definitions of fire regime 
concentrate on describing specific characteristics of fires as an ecological factor, including, 
when, where and which fire types occur (Krebs et al., 2010). Creating a global map of 
pyrogeographic units defined by patterns of coherent relations between key fire regime 
descriptors is useful for identifying how climate, topography, vegetation, and land use can 
influence fire regimes (Morgan et al., 2001).  
 Goldammer et al. (1993) presented one of the earliest attempts at large-scale of fire 
regimes classification and mapping, having identified seven regimes for tropical and sub-
tropical regions. Dwyer et al. (2000), based on 12 months of daily global Advanced Very 
High Resolution Radiometer (AVHRR) active fire data create a five classes global map of 
major pyrogeographical units using principal component analysis (PCA) and an unsupervised 
clustering algorithm.. More recently, Chuvieco et al. (2008) used six years of daily Moderate 
Resolution Imaging Spectroradiometer (MODIS) active fire data and cross-tabulation of three 
discretized ordinal variables to map eight major pyrogeographical classes. Archibald et al. 
(2013) performed principal components analysis and Bayesian clustering to map five global 
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“pyromes”, using burned area data from the Global Fire Emissions Database (GFED) and a 
set of five fire descriptors. Fire frequency, intensity, fire return interval or fire seasonality 
were some of the fire regime descriptors used to describe each fire regime in the studies 
aforementioned, regardless of their relevance. 
Here, we revisit the topic using a novel approach, and develop a global map of sensu 
strictu fire regimes using 11 years of MODIS active fire data, almost twice the length of the 
period previously analyzed by Chuvieco et al. (2008). We also expect that reliance on active 
fire data will improve detection and characterization of anthropogenic fire regimes, in 
comparison with the analysis of Archibald et al. (2013), who used a burned area product, 
inherently less capable of sensing the small fires that are typical of fire use as a land 
management tool. We introduce new fire regime descriptors, a previously unused 
dimensionality reduction technique capable of handling quantitative and qualitative variables, 
and incorporate spatial context in a cluster analysis to improve interpretability of the fire 
spatial patterns. Additionally, we propose a formal and rigorous approach to identify the set of 
key modalities pertinent to characterize and label each fire regime, accounting for their 
relevance. 
2. MATERIAL AND METHODS 
 Daily MODIS active fire data were used to create a spatial database of variables 
considered appropriate to develop a sensu strictu (Krebs et al., 2010) characterization of 
global fire regimes. A four stages methodology was applied to the spatial database of 
variables: i) a variable discretization procedure; ii) a Multiple Correspondence Analysis 
(MCA) (Greenacre, 1984) to analyse the structure and strength of relations between variables, 
reducing the dataset dimensionality; iii) a hierarchical ascending classification to identify a 
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nested structure groups of observations with similar fire regime characteristics; finally a iv) a 
spatial 3x3 moving window filter applied to the global map of fire regimes to improve its 
level of spatial homogeneity, accounting for the trade-off between degrading cluster quality in 
the space of the MCA variables, and improving the spatial coherence and readability of the 
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Fig. 1. Flowchart describing the four stages (data encoding procedure, MCA, cluster analysis and spatial filter) 
of the classification algorithm and spatial filter in detail. Ncc* stands for neighboring cluster class and Prct** for 
percentile. 
 
2.1. Fire data 
 We used daily active fire data from the MODIS fire Product (MCD14ML) (Giglio et 
al., 2006) spanning the period March 1
st
 2001 to February 28
th
 2012. This dataset reports the 
location and timing of active fires at native resolution (1 km at nadir) for both MODIS 
satellites: Terra and, since May 4
th
 2002, Aqua. MODIS active fire was screened for false 
alarms and non-vegetation fires according to the procedures described in Oom & Pereira 
(2013) and aggregated to 1⁰ spatial resolution. Using satellite active fire data enhance the 
detection of small fires compared with burned area products (Randerson et al., 2012) 
providing a better representation of spatial and temporal patterns of fire activity, especially in 
croplands and rangelands where other fire data could not be so effective. 
2.2. Fire regime descriptors 
 We developed fire regime descriptors to quantify where (spatial) and when (temporal) 
fires occur, and which characteristics they display using the core definition of fire regime 
(sensu strictu) proposed by Krebs et al. (2010). Six fire regime descriptors variables 
(Incidence, Size Inequality, Season Length, Regularity, Seasonality and Intensity) were 
developed (respective maps are displayed in Figure 2a-f: 
 Spatial descriptors 
1) Incidence (counts grid cell
-1
), defined as the total number of screened MODIS active fire 
counts for the entire study period, is a basic metric of fire activity (Dwyer et al., 2000; Csiszar 
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et al., 2005; Chuvieco et al., 2008; Krawchuk et al., 2009). A cosine square root correction 
was performed to ensure equal area weighting. Only cells with more than 10 fire counts over 
the 11 years analyzed were considered (Figure 2a).  
 
2) Size Inequality (adim). Was calculated using the Gini coefficient (Gini, 1912). It is a 
measure of inequality, assessing the extent to which area affected by fire is dominated by a 
small number of large events or, conversely, it results from a larger number of fires with 
similar sizes. Individual active fires were clustered into pseudo-fire events using a spatio-
temporal flooding algorithm (Archibald & Roy, 2009; Hantson et al., 2014; 2015). The 
number and size of pseudo-fire events identified depends critically on the temporal threshold 
used (Hantson et al., 2014). Shorter time spans would yield a larger number of small fires, 
while a longer time span would result in a smaller number of larger events. Therefore, the 
Gini coefficient value at each cell should decrease with the temporal threshold. The Gini 
coefficient takes the minimum value of 0 when all pseudo-fire events have the same size, and 
the maximum of 1 when all measurements but one have a value of 0. Several authors tested 
different temporal thresholds to calculate fire size distributions and identify "fire events", 
namely 2 (Archibald et al., 2013), 4- (Loboda & Csiszar, 2007), 8- (Archibald & Roy, 2009; 
Archibald et al., 2010) and 14-day thresholds (Hantson et al., 2014; 2015). We performed a 
sensitivity analysis using thresholds of 2 8 and 14- days and chose a 2-day threshold and a 
3x3km neighborhood to cluster individual 1km active fires into fire patches, or pseudo-fire 
events. Lacking an objective criterion to choose a global temporal threshold, we used 2 days 
as a compromise between the risks of unduly aggregating individual events in areas with 
many small, neighboring fires, and unduly splitting individual events in regions with very 
large, long-lasting fires. This coefficient allows the comparison of spatial patterns between 
different fire regimes. Spatial-temporal aggregation of active fire observations is stopped at 
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the edges of each 1º cell, such that no pseudo-fire event extends across a cell edge. The final 
Gini coefficient value assigned to each cell is an average of 11 annual values (Figure 2b). 
 Temporal descriptors 
3) Season Length (months), derived from seasonality metrics calculated from 10-day active 
fires composite time series for each grid cell and year. TIMESAT 2.3 (Jõnsson & Eklundh, 
2004) was used to estimate fire season start, peak, and end dates. Initially developed to 
smooth and extract seasonal parameters from normalized difference vegetation index (NDVI) 
time series (Jõnsson & Eklundh, 2004), TIMESAT was adapted to process interrupted time 
series such as those of fire activity, which ceases during the local rainy season (Le Page et al., 
2010). To generate smooth time series of the original 10-day active fires composite time 
series, a local polynomial function was implemented as an adaptive three-step Savitzky-Golay 
filter. The season start was defined as the date when the cumulative fire counts reach 5% of 
the total annual counts, and the end date at 95% cumulative fire counts. The peak fire date 
corresponds the maximum value, in fire counts, of the fitted function. Season length was 
calculated as the difference between the end and the start of the fire season for each year and 
cell, and rounded off to months. An average of 11 annual values  were calculated for each cell 
(Figure 2c). 
 
4) Regularity (adim), was calculated as the interannual coefficient of variation of fire 
incidence. The term was based in disturbance and temporal dynamics studies in White et al, 
(1999). Giglio et al. (2006) developed a similar measure with 12- month lagged 
autocorrelation of 5-year of monthly MODIS fire data, to assess interannual variability and 
periodicity of fire activity at global scale. Low values of the coefficient of variation indicate 
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regular fire occurrence, and high values represent high interannual variability, or sporadic fire 
occurrence pattern (Figure 2d). 
 
5) Seasonality (adim) distinguishes between one and two fire seasons per year (Benali et al., 
unpublished results). The active fire data were composited to 16-day time periods. The 
temporal behavior of the active fire time series were modeled using circular probability 
distributions (Fischer, 1995). The number of fitted von Mises distributions varied from one to 
two, corresponding to uni and bimodal distributions, respectively. The model was optimized 
and evaluated using the Nash-Sutcliffe model efficiency index (MEF) (Nash & Suttclife, 
1973), by comparing observed and estimated normalized fire frequencies. Only cells with 
model efficiency higher than 0.6 were classified as bimodal/unimodal, while the remaining 
were classified as "Other" (Figure 2e). 
 Fire characteristics 
6) Intensity (MW pixel 
-1
), was measured as the mean annual value of the Fire Radiative 
Power (FRP) distribution 90
th 
percentile (Kaufman et al., 1998). It quantifies the rate of 
energy release by the vegetation combustion process. FRP is a proxy for the aerosol emission 
rate (Ichoku & Kaufman, 2005) and for fireline intensity (Smith & Wooster, 2005), 
quantifying fire intensity at the time of observation (Wooster & Zhang, 2004). The FRP 
distribution is highly skewed towards low values, with a heavy tail of high values. Since very 
intense fires are not observed in all land cover types (Wooster & Zhang, 2004), a high FRP 
quantile is effective to discriminate between fire regimes (Figure 2f). 
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Fig.2.  Fire regime descriptors variables maps at 1º spatial resolution (a) Incidence, (b) Season length , (c) 
Intensity, (d) Size inequality, (e) Regularity and (f) Seasonality.  
2.3. Variable encoding procedure 
 Only 1⁰ cells with information available for all variables were analyzed, totaling 9368 
cells. MCA requires nominal or ordinal-level data, and thus the six variables were discretized 
into classes, or modalities (Table 1). The choice of the number of classes and respective 
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thresholds for each variable was based on exploratory analysis, literature review and expert 
knowledge.  
Table 1 Modality ordinal/nominal labels, units and discretization thresholds in parenthesis.  
Variable Unit 
Modalities 




Very low Low Medium High Very high 




Very short Short Long Very long 
 
(< 3) (3-6) (6-9) (> 9) 
 
Intensity mW pixel 
-1
 
Low Medium High 
  





Balanced Unequal Very unequal 
  
(0-0.25) (0.25-0.5) (> 0.5) 
  
Regularity adim 
Very regular Regular Sporadic Very sporadic 
 (0.2-0.5) (0.5-1.0) (1.0-2.0) (> 2.0) 
 
Seasonality adim 
Unimodal Bimodal Other 
  
(MEF* > 0.6) 
(MEF > 
0.6) 
(MEF < 0.6) 
  
* See 2.2  
 
2.4. Multiple correspondence analysis 
 Correspondence analysis (CA) is a generalized PCA designed for qualitative data 
analysis. MCA is an extension of CA for analyzing patterns of relationships of several 
categorical dependent variables (Benzécri, 1982). Unlike PCA, MCA is capable of dealing 
with categorical variables and to represent both data and variables as points in the same low-
dimensional Euclidean space (Abdi & Valentin, 2007), providing interpretable visual schemes 
of their relationships. MCA can be applied to analyze observations described by multi-level 
nominal or ordinal variables, and/or quantitative variables through their division into bins. 
Each bin of each variable is coded as a binary variable, yielding a Disjunctive Matrix (DM). 
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Our original data matrix of 9368 (n) individuals by 6 (q) variables was coded to a DM with 
the same number of individuals as the original data matrix, but with the six variables split into 
a total of 22 modalities (p), according to the variable discretization scheme displayed in Table 
1. 
 The eigenvalues (inertia,  ) and absolute contributions (C
a
) were calculated as a 
measure of variance, and as an indicator of the weight of each variable and each modality to 
global inertia, respectively. Allocation of variables to axes depends on their nature: for ordinal 
variables, the sum of C
a
 of all modalities should be greater than 100/q; when the variables are 
nominal the sum of C
a
 of the modalities should be greater than 100/p (Abdi & Valentin, 
2007). Adjusted inertia (    ) was calculated for all axes with eigenvalues greater than 1/q 
(Abdi & Valentin, 2007), following Greenacre (1984). The resulting number of axes is 
determined by the difference between the number of modalities and the number of variables 
included in the analysis (Benzécri, 1982).  
 
2.5. Cluster analysis in the space of the MCA variables 
 A preliminary classification was obtained by applying an ascending hierarchical 
clustering to the cloud of individuals projected onto the first principal components of MCA, 
using Ward's variance criterion with the standard Euclidean distance. Ward's method, shares 
the objective function with PCA, and is regarded as the natural hierarchical clustering method 
to be applied in conjunction with CA (Cadoret et al., 2011). The optimal number of clusters 
was estimated from the minimum value of Davies-Boudin index (DB) (Davies & Bouldin, 
1979), accounting for the dendrogram produced by the clustering algorithm. 
2.6. Smoothing the fire regimes global map - spatial filter 
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 The clustering algorithm tries to minimize the intra-cluster variance accounting only 
for pairwise dissimilarities between projected points in the principal coordinates plot, 
disregarding spatial information, such as contiguity relations between cell locations. 
Therefore, unless data exhibits a high degree of spatial autocorrelation, the resulting 
geographical map of fire regimes is likely to become quite fragmented. To improve its spatial 
coherence and interpretability, the map was filtered with a 3x3 moving window to reclassify 
cells that may be misplaced in their clusters. Only isolated cells, i.e., cells that are only 
representative of their class in the 3x3 window were considered for reclassification. An 
isolated cell was reclassified, to the class of its neighboring cluster, i.e., to the class of the 
cluster with lowest average dissimilarity with respect to the cell (in the space of MCA axes), 
if three conditions were fulfilled: i) the isolated cell should have at least 4 valid adjacent cells 
(cells with a specific class), ii) the modal class of the neighboring valid cells should be the 
same of the neighboring cluster class; and iii) the isolated cell silhouette coefficient (ranging 
from -1 to 1) should be lower than a specific threshold (Rousseeuw, 1987). High cells 
silhouette coefficients were considered well classified, whereas low cells silhouette 
coefficients lied at cluster boundaries and may be misclassified. 
 We tested the smoothing filter with silhouette coefficient percentiles ranging from the 
0
th
 (no reclassification) to the 95
th
 percentiles and opted for the percentile yielding the best 
trade-off between the two conflicting goals: to maximize cluster separation in the principal 
coordinates plot and to maximize spatial homogeneity in the fire regimes map. This was 
accomplished by analyzing the joint behavior of two indexes: i) overall discriminate 
separability index (    ) (Cerdeira et al., 2012) and the ii) aggregation index (   ) (Hong et 
al., 2000). The former assesses the separation between clusters and relies on the choice of the 
interiority measure of a point within a cloud of points, whereas the latter applies to raster data 
and assesses the degree of aggregation of patches, also known as landscape texture. We 
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applied      with Tukey’s half-space depth (Tukey, 1975), a robust centrality measure that 
generalizes the quantile concept to multivariate data. The     was computed averaging class 
specific aggregation indexes    , (which rely on the number of edges that are shared by 
adjacent cells of class i), by the proportions of area occupied by each class in the fire regimes 
map. 
2.7. Fire regime labeling  
 Each cluster was considered to represent a fire regime and was labeled based upon the 
modalities projected onto the principal coordinates plot. Only the better classified points in 
each cluster, corresponding to the fourth quartile silhouette coefficients values were used to 
label the clusters. For each cluster, all modalities associated to the better classified points 
were cross-tabulated and an ordinal impurity index (Piccarreta, 2001) was calculated for each 
variable. Only combinations representing 90% of all points in each cluster were considered. 
The most represented modality of variables with impurity values below 0.30 were retained to 
label fire regimes and the less impure were used to designate each fire regime. The combo 
90% with the 0.30 impurity threshold turn out to be a good choice yielding fire regimes 






3.1. Multiple correspondence analysis 
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 The MCA projected the original data onto 16 axes with high variance explained in the 
first two axes (both representing 93.77 % of total inertia). Table S1 summarizes the MCA 
statistics for each axis. Regularity, Season Length, and Size Inequality ordinal variables are 
associated with the 1
st
 axis where the sum of absolute contributions of their modalities 
(0.3048, 0.2593 and 01866, respectively) is greater than the inverse of the number of variables 
(i.e. 0.1667; see Table S2). The ordinal variable Intensity has a sum of absolute contributions 
smaller than 0.1667 but the 1
st
 axis contributes seven times more for the total inertia than the 
2
nd
 axis. Incidence and Seasonality are allocated to the 2
nd
 axis. The former contributes with 
the largest fraction of total inertia of any variable to any of the two axes (35%), while the 
latter nominal variable Seasonality contributes with the smallest fraction with only 6 and 12% 




 axes, respectively. This is also shown in Figure 3a with the 
Seasonality as the shortest of all vectors. The principal coordinates plot of the modalities in 
the first two axes (Figure 3b), illustrates the predominant contribution of Incidence to the 2
nd
 
axis and the arch effect associated to the 1
st
 axis that emerges for modalities of the variables 
Regularity, Season Length, Size Inequality, and Intensity as a consequence of their 
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Fig. 3. (a) MCA results in the principal coordinates plot: a)Fire regime variables plotted as a function of their 
absolute contributions and (b) modality profiles in main two axes (adjusted inertias (λ
adj
) and percentages of 
inertia are shown on the respective axes).  
 
 Along the 1
st
 axis, Season Length displays its modalities in an opposite way to all 
other variables associated with the same axis, with low modalities on the negative side and 
high modalities on the positive side of the axis. Unimodal Seasonality lies close to the origin 
of the principal coordinates axes, while bimodal Seasonality displays higher contributions 
along both axes, i.e. it is more useful to discriminate fire regimes. Low fire Incidence, 
sporadic burning, medium Intensity, and unequal fire Size all plot close to the origin, 
implying modalities with a small contribution towards fire regime distinction. 
3.2. Cluster analysis in the MCA variable space  
 The clustering algorithm applied to the cloud of 9368 cells projected onto the principal 
coordinates plot yielded the dendrogram depicted in Figure 4a. The cells correspond to 622 
distinct combinations of modalities with a single modality per variable, i.e., to 622 distinct 
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points in the principal coordinates plot (grey points in Figure 4b). As a consequence, only the 
final 621 aggregation steps had non-zero merging costs. An optimal number of 7 clusters was 
estimated and are displayed in Figure 4b by their convex envelope boundaries. The 7 clusters 
can be organized into three macro-clusters (fire macro-regimes) with high pairwise 
dissimilarity levels, grouping clusters 1a and 1b (the most dissimilar), clusters 2a, 2b and 2c 
and clusters 3a and 3b, as shown in the dendrogram of Figure 4a. These macro-clusters are 
located in separated regions in the principal coordinates plot and nearby to distinct sets of 
modalities, inducing three macro-fire regimes with very distinctive characteristics. 
 
Fig. 4. Preliminary classification in the MCA variables space - a) Dendrogram produced by the hierarchical 
clustering method applied onto the first principal components of MCA. The vertical axis correspond to merging 
costs defined by Ward's method. The cutoff represented by the horizontal dashed line yielded the 7 clusters 
depicted using distinct colors (numbered from 1 to 7). The cutoff represented by the horizontal dotted line, 
rearranged these clusters into the 3 macro-clusters, containing clusters 1 and 2, clusters 3, 4 and 5 and clusters 6 
and 7; b) Principal coordinates plot of the 9368 individuals (grey) and 22 modalities profiles. The convex sets are 
the convex envelopes of the clusters defined by the partition of the projected points into 7 classes. Smaller 
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3.3. Smoothing the fire regimes global map - spatial filter 
 The 65
th
 percentile threshold was identified as the best trade-off between the levels of 
spatial aggregation (   ) of the fire regime map and the cluster separability (    ) in the 
principal coordinates plot (Figure 5).  
 
Fig. 5. Overall discriminate separability index (    ) and aggregation index (   ) scores in 5% increments.The 
point indicated by the arrow (65
th
 percentile) was determined by the "elbow criterion" and improved the     
score from 47.6. to 50.9. Percentile values above this point do not substantially improve geographical 
aggregation and cause a large increase in cluster overlap. 
 For this threshold,     substantially improved while      only marginally degraded. 
Out of a total of 9368 cells, 254 isolated cells with silhouette coefficients below percentile 
65
th
, and with at least 4 valid neighbors, were reclassified.. Table 2 displays spatial statistics 
on the global fire regimes map before and after reclassification by the 65
th
 percentile-
smoothing filter. Fire regimes 1b and 2c accounts for more than 50% of the reclassified cells, 
while cluster 3b remains almost unchanged. All class specific aggregation indexes improved 
after reclassification by the spatial filter.  
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Table 2 Fire regime specific statistics for the fire regime map before and after (bold) reclassification by the 65
th
 
percentile smoothing filter: number of patches, number of cells, number of reclassified cells, % of occupied area, 
and cluster aggregation indexes values    . All values rounded to one decimal place.  




regime Patches # Cells # 
Reclassified 
cells # Area (%) i (%)  
1a 184/169 2001/2015 14 15.5/15.5 61.9/63.8 
1b 325/252 1107/1086 65 11.5/11.4 33.7/39.0 
2a 320/270 2321/2372 40 26.8/27.4 47,9/51.4 
2b 264/224 1239/1235 34 13.8/13.8 42,2/45.3 
2c 430/348 1212/1191 69 13.1/12.8 26,6/31.3 
3a 163/135 658/640 28 8.3/8.1 39,6/43.0 
3b 50/46 830/829 4 11.0/11.0 79.5/80.1 
Total 1736/1444 9368/9368 254 100/100 47.6/50.9 
 
3.4. Fire regime labeling and map 
 The global maps displaying the seven fire regimes organized into three fire macro-
regimes are shown in Figure 6. The modalities of the fire descriptors associated to each fire 
regime and used to its designation are displayed in bold and in grey shaded respectively in 
Table 3. Only the modalities with impurity values below 0.3 corresponding to 90% of all 
possible combinations were considered to designate fire regimes. Fire regimes 1a, 2a, 2b and 
3b are described by all variables (one modality per variable) while fire regimes 2c is described 
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Table 3 Fire regime characterization using modalities (bold) with low impurity index value (< 0.3). Modalities 
chosen to designate fire regimes are grey shaded. Values reported are for the ordinal impurity index for all 











V.low V.short Medium/High V.unequal V.sporadic Unimodal 
(0.2222) 0 (0.2222) (0.2222) 0 0 
1b 
Low Short Medium Unequal Sporadic Unimodal 
(0.2469) (0.16) 0.32 (0.16) 0.32 0 
2a 
Low Short Low Unequal Regular Bimodal 
0 (0.2469) (0.2469) (0.16) 0 (0.2469) 
2b 
V.low Long Low Balanced Regular Bimodal 
(0.2469) (0.2469) 0 0 (0.2222) (0.2469) 
2c 
V.low Short/Long Low Unequal Sporadic Other 
(0.1983) 0.6302 0.4587 (0.25) (0.2004) 0.3905 
3a 
High/medium Short/Long Medium Unequal Regular Unimodal 
0.48 0.4 (0.24) 0 (0.24) 0 
3b 
Very High Short Low/Medium Unequal V.regular Unimodal 
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 1 
Fig. 6. Global fire regime classification displaying the high level of aggregation in three fire macro-regimes and the designation for the 7 fire regimes. The modalities 2 
associated to each fire regime are: Wildland fires: 1a) Very low incidence, very short season, medium/high intensity, very unequal size, very sporadic burning, unimodal 3 
season; 1b) Low incidence, short season, unequal size, unimodal season; Cropland fires: 2a) Low incidence, short season, low intensity, unequal size, regular burning, 4 
bimodal; 2b) Very low incidence, long season, low intensity, balanced size, regular burning, bimodal; 2c) Very low incidence, unequal size, sporadic burning; Rangeland 5 
ires:3a) Medium intensity, unequal size, regular burning, unimodal; 3b) Very high incidence, short season, low /medium intensity, unequal size, very regular burning, 6 
unimodal season.  7 
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4. DISCUSSION 
 Seven fire regimes were identified at global scale and aggregated into three fire 
macro-regimes, grouping fire regimes 1a and 1b, fire regimes 2a, 2b and 2c and fire regimes 
3a and 3b (Figure 6). The discussion is structured by fire macro-regime, with further details 
for each regime. Variable modalities, are italicized. Fire macro-regimes are named on the 
basis of their geographical correspondence with the Anthromes of Ellis et al. (2010), which 
provide simple, easy to remember designations. 
1 - Wildland fires 
 The first fire macro-regime is found mostly in Wildland and remote Rangeland 
anthromes (Ellis et al., 2010). It is characterized by low fire Incidence, sporadic/very sporadic 
Regularity, very short, unimodal seasons, medium Intensity fires, and a unequal/very unequal 
fire size distribution. These modalities exhibit a geographical distribution along boreal forests 
and tropical deserts. Both have low net primary productivity, a small fraction of which is 
appropriated by humans (Lauk & Erb, 2009), and are similar in terms of sensu strictu fire 
regime attributes; however, constraints on fire incidence and regularity are distinct: the taiga 
fire regime is drought-driven, while that of tropical deserts is fuel-limited (Pausas & Ribeiro, 
2013). The sporadic nature and relatively high intensity of fires in this regime suggest a lower 
degree of management than that found for the other two fire macro-regimes. Most of the 
modalities associated with this fire macro-regime are projected onto the negative side of the 
1
st
 axis in the principal coordinates plot (Figure 3b) and well separated from the modalities 
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Fire regime 1a - Very short season, very sporadic, unimodal 
 Fire regime 1 is located in taiga boreal forests, at latitudes between 45and 65ºN. A 
large patch of this cluster also occurs in central Australian deserts. Similar patterns were 
found by Chuvieco et al. (2008), and in the two boreal pyromes defined by Archibald et al. 
(2013). This fire regime is characterized by high interannual variability, with very short, 
unimodal fire season, where, total burned area tends to be concentrated in a few large sized 
and medium-to-high Intensity fire events (Table 3). These attributes of boreal fire regimes 
have been described before, namely the low fire Incidence (Gralewicz et al., 2012), and large 
inter-annual variation (Loboda & Csiszar, 2007), short fire seasons (Loboda & Csiszar, 2007; 
Chuvieco et al., 2008; Giglio et al., 2006), unequal fire size distribution (Ivanova & Ivanov, 
2005) and medium to high fire Intensity (Wooster & Zhang, 2004).  
Fire regime 1b - Short season, unequal size, unimodal 
 Geographically and ecologically close, fire regimes 1a and 1b share low incidences, 
short seasons, unequal fire size distributions and a single annual fire (unimodal) season. 
Despite the modalities associated to this fire regime are not so extreme as 1a (small 
contributions to the inertia conveyed by both axes), this fire regime forms coherent patches 
mainly over the dry-lands of Central Asia in the Brazilian cerrado savanna, the semi-arid 
Kalahari Acacia-Baikiaea woodland savannas, and in pastoral tussock grasslands and semi-
arid savannas of Queensland, Australia (Figure 6). This fire regime occurs in regions where 
fire frequency is fuel-limited (Andela & Van Der Werf, 2014) and dependent on soil moisture 
and previous year rainfall (Hudak et al., 2004). Andela & Van der Werf (2014) and Archibald 
et al. (2010) identified regimes dominated by large and intense fires in the dry savannas of 
Namibia and Botswana. In the dry lands of Central Asia, namely near the border between 
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Mongolia and northern Kazakhstan (Loboda et al., 2012) this fire regime is well defined, 
especially due to the Size Inequality (S2d), Regularity (S2e) and Seasonality (S2f) variables.  
 
2 - Cropland fires 
 Geographical distribution of the second fire macro-regime corresponds closely with 
Croplands and Villages anthromes (Ellis et al., 2010). Small, regular, low intensity fires that 
burn in longer seasons than those of fire macro-regime 1 characterize this group, and are 
diagnostic traits for the use of fire as a land management tool (Korontzi et al., 2006). These 
modalities also exhibit a geographical distribution similar to that found by Ramankutty et al. 
(2008) for croplands and pastures, and Korontzi et al. (2006) for agricultural fires, revealing 
that this fire macro-regime tends to occur in areas of high population density (Bistinas et al., 
2013) and high net primary productivity, a large fraction of which is appropriated by humans 
(Lauk & Erb, 2009), leaving small amounts of fuel available to burn. Modalities associated 
with this macro-fire regime are projected onto the positive side of the 1
st
 axis, opposite to the 
modalities associated with macro-fire regime 1 (Figure 3b).  
Fire regime 2a - Low incidence, unequal size, regular 
 This regime occurs worldwide and covers the largest area of all regimes. It is located 
mainly in Eurasia, extending from the eastern Ukraine to southwestern Russia and northern 
Kazakhstan, India and China. Fire regime 2a is associated with large agricultural regions 
characterized by having short fire seasons, small, low intensity fires (Liu et al., 2015) and 
regular burning (Korontzi et al., 2006). Particularly notable is the area stretching from the 
Caspian Sea to northern Kazakhstan, intertwining fire regimes 1b and 2a. Fire regime 1b 
stands out because this region is part of the Central Asian steppe, a region with croplands and 
118 
 
Modelling global pyrogeography using data derived from satellite imagery                               Duarte Oom  
pastures, although less intensively managed than the cropland areas of fire regime 2a (Loboda 
et al., 2012). Also worth mentioning is the Asian rice belt, extending from eastern India to the 
coastal region of China. In India, the world’s second largest producer of rice and wheat, active 
fires reveal harvest residue burning of cereal crops (Korontzi et al., 2006). In China, 
agricultural open fires are mainly located in the eastern part of the country, from Russia 
border to Vietnam, Laos and Myanmar (Huang et al., 2012). 
Fire regime 2b - Low intensity, balanced size, regular 
 Fire regime 2b has close geographical and ecological ties with regime 2a, with which 
it shares similar modalities for the variables Incidence, Intensity, and Regularity. The 
specificity of this fire regime lies in its long, double peaked fire season (bimodal), and a more 
even fire size distribution than regime 2a (balanced Size Inequality). Its global distribution is 
similar to that of fire regime 2a, with which it is interspersed throughout the US southeast and 
Midwest, extending north into Canada. This regime’s bimodal seasonality is linked to two 
distinct fire peaks related with cereal crop management as reported in studies such as 
Korontzi et al. (2006) or Benali et al. (unpublished results). Chuvieco et al (2008) also 
remarked on the low fire activity and long fire seasons throughout most of the southeastern 
USA. Regularity of annual burning in this region is described by McCarty et al. (2007) and 
Zhang et al. (2014). A patch of this fire regime is located in the Brazil-Uruguay-Argentina 
border region, probably related to the extensive double crop rotation management of 
soybeans/ maize, and to cattle ranching (Brannstrom et al., 2008). Large areas are also found 
in cropland areas where fire is used in a double cropping system in the Balkans region of 
Eastern Europe (Korontzi et al., 2006; Le Page et al., 2010) and in southeastern China (Huang 
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Fire regime 2c - Very low incidence, unequal size, sporadic 
 It is the most spatially fragmented regime, confirmed by the lowest value of the     
index (31.3%) shown in Table 2. Fire regime 2c is located along the edges of fire regimes 2a 
and 2b, in areas with low fire activity. The modalities associated with this fire regime have the 
highest impurity levels of all seven regimes (Table 3) with very low Incidence, unequal size 
and sporadic Regularity as the only characteristic descriptors. It is found mainly in the 
prairies of Texas and northern Montana, USA, in areas with a mixture of pastures and 
intensive production of wheat and sorghum (Leff et al., 2004), where burning is sporadic 
(Zhang et al., 2014). 
3 - Rangeland fires  
 The third fire macro-regime occurs primarily over residential and populated 
Rangeland anthromes (Ellis et al., 2010). In spite of the high impurity of the Incidence 
variable in fire regime 3a, high Incidence levels characterize this fire macro-regime, which 
also exhibits regular, low/medium intensity burning, and unimodal fire seasons. It is found 
mainly over the tropical belt savannas, between 30ºS and 15ºN, with the highest fire incidence 
in the world (Dwyer et al., 2000; Oom & Pereira, 2013). These areas have high net primary 
productivity, but the fraction appropriated by humans is smaller than in the more intensively 
managed fire regimes 2a-c, thus leaving substantial amounts of fuel available to burn (Lauk 
and Erb, 2009). Strong precipitation seasonality further facilitates regular burning. 
Correspondence with Rangeland anthromes and the levels of modalities for the variables that 
characterize regimes 3a and 3b suggest a fire macro-regime with a fire management level 
intermediate between those of the Wildland and Cropland fire macro-regimes. Analogously to 
the fire regimes 2a, 2b and 2c, Figure 4 shows a high similarity between the fire regimes 
composing this fire macro-regime (4a and 4b), with an aggregation level immediately above 
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the selected cut-off. Unlike the other fire macro-regimes, the modalities associated with this 
one are mainly located along the negative part of the 2
nd
 axis (Figure 3b). 
Fire regime 3a - Medium intensity, unequal size, unimodal 
 Its main areas of occurrence are the fire-prone cerrado savannas of central Brazil, 
eastern Bolivia and northeastern Paraguay (Pivello, 2011), Madagascar grasslands (Kull & 
Laris, 2009), south-east Asia (Langner & Siegert, 2009), and in the tropical savannas of the 
Northern Territory and Queensland (Oliveira et al., 2013). All of these regions display high 
fire Incidence and regular fire activity. 
Fire regime 3b - Very high incidence, short season, low/medium intensity 
 It is the "most pure" of all fire regimes with all its modalities having zero impurity 
levels (Table 3). It is mainly located in African savannas, the Llanos grasslands of Colombia 
and Venezuela, and the tropical savannas of northern Australia. Very high fire Incidence in 
short seasons, unequal fire size distribution, and regular burning describe this unimodal fire 
regime. In Africa, regime 3b usually is associated with a pronounced wet-dry season rainfall 
contrast (Barbosa et al., 1999). The high annual regularity of African fire activity (Giglio et 
al., 2006), combined with the presence of a weekly cycle is evidence of the anthropogenic 
influence of most African vegetation burning (Pereira et al., 2015). A fire season anticipated 
relatively to the peak fire weather severity period is common throughout Africa (Le Page et 
al. 2010), with a spatially fragmented regime of small, low intensity fires, created to avoid 
large, intense fires during the late dry season, especially in Western Africa (Laris, 2005). The 
area classified with this fire regime in southern hemisphere Africa mostly covers Miombo 
woodlands, also characterized by high variability of fire sizes (Archibald et al., 2010). High 
Incidence, unequal fire size distribution, and low interannual variability are also characteristic 
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of the Llanos savannas of Colombia and Venezuela (Romero-Ruiz et al., 2010) and of the 
tropical savannas of northern Australia ( Oliveira et al., 2013) 
Relation with pre-existing global fire regimes maps  
 While previous studies (Chuvieco et al., 2008; Archibald et al., 2013) classified about 
32% of the global land area, on a 0.5° grid, we traded-off spatial resolution for the ability to 
classify a larger fraction of the globe (55%) at 1° resolution. We used MCA to reduce the 
dimensionality of a dataset containing five quantitative variables and one qualitative variable, 
and performed hierarchical clustering on the resulting 2-dimensional principal coordinates 
plot. This contrasts with the approach of Archibald et al. (2013), who only used PCA to 
identify the relevant clustering variables, and a non-hierarchical Bayesian clustering in a 5-
dimensional space of original variables. Computational constraints prevented them from 
running the cluster analysis on their entire datasets, and ca. 55% of the data were classified 
with discriminant analysis trained on the 45% clustered data. Our reduced spatial resolution 
and clustering approach allowed for uniform application of a single methodology to the entire 
study area. Furthermore, the nested structure of the clustering algorithm defined meaningful 
fire macro-regimes, highlighting major pyreogeographical patterns. We introduced the 
number of annual fire seasons (Seasonality variable) as a new, qualitative variable 
distinguishing between unimodal and bimodal fire seasons, considered a reliable diagnostic of 
the anthropogenic character of fire activity (Benali et al., unpublished observations). Fire size 
heterogeneity was characterized in a novel way with the Gini index, which relies on the entire 
distribution of fire size data and not just on a specific percentile value. Our classification 
procedure takes spatial context into account, by revising the initial hierarchical clustering 
results with a contextual, rule-based filter. This step was deemed useful since the limited 
number of years available in the dataset is prone to lead to scattered, single-cell instances of 
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spurious classification, primarily affecting cells with high uncertainty in the initial 
classification. In such cases, the expectation of similar behavior between neighboring cells 
will lead to greater confidence in the revised classification. The filtered global fire regimes 
map exhibits a higher level of spatial aggregation, improving interpretability of the fire spatial 
patterns. Unlike previous studies (Archibald et al., 2013; Chuvieco et al., 2008), where all 
variables were used to describe each fire regime, regardless of their relevance, we used a 
formal, quantitative approach to identify the key modalities pertinent to characterize each 
regime, and only those are used to label and designate them. The proposed fire regimes end 
classified by a numbers of variables, ranging from three to six.  
 Archibald et al. (2013) describe one of their pyromes as “human-modified”.  With 
intermediate fire return intervals, and cool, small fires (ICS pyrome), it is related to our 
Cropland fires macro-regime in terms of defining attributes and geographical coverage. 
However, we provide a more detailed analysis of anthropogenic burning by distinguishing 
three Cropland fire regimes, characterized by distinct sets of variables/modalities. Since we 
also interpret the Rangeland fires macro-regime as essentially anthropogenic, albeit with less 
intensely managed fires than those of the Cropland fires macro-regime, our analysis considers 
that human-modified fire regimes prevail over a substantially larger area than that proposed 
by Archibald et al. (2013), in agreement with Lauk & Erb (2009), who reported fractions of 
human-caused fires ranging from 15% in the Canadian boreal forest, to 51% in the Russian 
boreal forest, and 98% in tropical rainforests. Our reliance on active fire data may contribute 
to explain the difference, since those data more effectively capture the small burning events 
that represent a large part of anthropogenic fire regimes. This interpretation appears to be 
corroborated by Archibald et al. (2013) statement that area burned was hardly detectable in 
their rare-cool-small (RCS) and intermediate-cool-small (ICS) pyromes.  
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5. CONCLUSIONS  
 A new global map of fire regimes is presented which improves upon previous research 
by expanding the global land area mapped and creating a two-level classification where each 
fire regime is parsimoniously described only in terms of relevant attributes. Additionally, 
spatial filtering the original map improved its geographical coherence and interpretability. 
Our proposed classification of fire regimes is very interpretable in terms of ecoclimatic and 
landuse drivers, as evidenced by the literature reviewed. The MCA technique of projecting 
supplementary data points onto the plane of its principal coordinates easily accommodates a 
more formal exploration of the relationships between the fire regime map and its 
environmental correlates, including the dimensions of degree of human intervention, primary 
productivity, and climate. It will allow for expanding the present study to a sensu latu fire 
regime analysis and contribute towards improved understanding of fire regime etiology at the 
global scale. 
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 Research goals 
 
The work undertaken in this thesis led to improved understanding of global pyrogeography, 
via research on relationships of fire activity with climate patterns, anthropogenic presence, 
and cultural factors, and culminating in the development of a new global map of fire regimes. 
Widespread availability of satellite imagery has revolutionized the assessment of geographic 
patterns of fire activity, and allowed the possibility to test the role of biophysical and social 
processes as drivers of those patterns. With the premise that wildfire is recognized as an 
important key Earth system process, and considered a natural process which affects 
ecosystems and their fire regimes over multiple temporal and spatial scales, the research 
presented here demonstrated the importance and richness of long, accurate and reliable 
datasets to elucidate the relationships between people and fire and how they interact to 
originate global fire regimes.  
 
Paper I demonstrated that, in spite of providing extremely useful data, the global active fire 
product derived from the Moderate Resolution Imaging Spectroradiometer (MODIS) is not 
error-free. From the same study, and confirmed in paper VI, it was shown that MODIS active 
fire data display strong positive autocorrelation at global scale and heterogeneity in fire–
environment relationships across space. The role of the anthropogenic factor and how human 
activity can affect the fire regime in all its aspects was analyzed in Papers II to IV. 
Development of an improved algorithm for individuating active fire clusters according to 
spatial and temporal proximity criteria, and sensitivity analysis of algorithm parameter effects 
on  fire size distributions were undertaken in Paper V. The new global map of fire regimes 
obtained (Paper VI), integrating results from the studies undertaken in this thesis, unveiled 
groups with very distinctive characteristics.  
 
The global fire regimes map produced exhibits a higher level of spatial aggregation, 
improving the readability of the fire spatial patterns. This result improves upon previous ones 
by expanding the global land area classified, incorporating new fire regime variables, deriving 
a two-level hierarchical classification, and developing an objective, quantitative procedure for 
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creating legends with a variable number of fire regimes descriptors. The proposed fire 




An important output derived from the research work undertaken in this thesis was a valuable 
global active fire product at 1km spatial resolution spanning from January 2001 to December 
2012. The screening of 12 years (2001-2012) of the original NASA MODIS MCD14 ML 
Collection 5 global active product, resulted in more than 40 millions observations which 
corresponding to vegetation fires (Oom & Pereira, 2013). This dataset also complements the 
previous ten years of WFA screened active fire product started by (Mota et al., 2006) and 
followed by (Oom, 2008). Several studies have already used the data (Pereira et al., 2015a; 
Bedia et al., 2015)  
 
The data is available free of charge through duarte.oom@gmail.com 
 
Ongoing research and future perspectives 
 
Due the limited time-frame allocated to this thesis, some complementary analysis could not be 
made, and to date some of them are already subject of ongoing research and others will be 
further investigated. 
 
In order to complement the characterization of global fire activity in specific topics, global 
analysis were done using MODIS screened data depicted from Paper I, and are now in a 
process of submission to a peer-review papers:  
 
- Explore the seasonality patterns through a fire global classification using MODIS screened 
data derived from Paper I, taking into account the bimodal fire seasons which occupy a 
significant fraction of the fire-prone land surface.  
Benali, A., Mota, B., Carvalhais, N., Oom, D., Miller, L. M. & Pereira, J. M.C. (submitted to Global 
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- Trend analysis on fire activity at grid cell level for the period 2001-2013 to provide direction 
of active fires trends at global scale and interpret the main patterns in terms of land use 
change. 
Bistinas, I., Oom, D., Silva, J. & Pereira, J. M.C. (in process of submission) A trend analysis of global 
fire activity using CMG MODIS fire counts. 
 
Following Paper VI, future research will be focus in extend the sensu strictu to sensu lato fire 
regime concept considering a wider fire regime definition, including not only the condition 
controlling fire (fire weather, fuel flammability) but also the impacts on the ecosystem, 
human goods or infrastructures, using human related variables (e.g. population density). 
Following Paper IV, and using fire data depicted from Paper I, a new study is being 
performed to the conterminous United States testing if there is a day of the week with lower 
fire activity, and if that day depends on the regionally predominant religious affiliation. 
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